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11.	 Instructional improvement: leveraging 
computer-assisted textual analysis to generate 
insights from educational artifacts

Zewei (Victor) Tian, Min Sun, Alex Liu, Shawon Sarkar and 
Jing Liu

INTRODUCTION

Instructional improvement is an iterative process where educators harness data-driven insights 
to refine teaching practices and improve student learning. In recent years, richer and more 
complex educational data have been generated as researchers conduct systematic classroom 
observations for instructional improvement. These data offer vast potential for analyses but at 
the same time pose challenges in processing and analyzing this complex data. Conventional 
methods (such as observation rubrics and human-coding processes) are limited by various 
constraints, which prevent educators from utilizing data to improve teaching and learning 
outcomes in a timely fashion. These constraints include often needing a long duration and 
trained researchers to analyze such complex data. The lack of timeliness limits the utility of 
results generated from conventional methods to inform the refinement of educators’ practices. 
Hence, artificial intelligence and machine learning (AI/ML) approaches are able to effectively 
process such complex data with scalability and precision (Berland et al., 2014), presenting an 
unprecedented opportunity to advance research and instructional improvement in education. 
Recent forms of generative AI can also generate insights and interpretations from the data 
and provide actionable insights. A new field of research has emerged, in which researchers 
integrate cutting-edge AI/ML techniques with educational domain knowledge of curriculum, 
teaching, and learning to explore crucial questions for instructional improvement. This new 
field of study allows researchers in education to broaden their discourse with peers in other 
disciplines who use similar methods to mutually learn from one another, enabling the next 
generation of methodology and theory development.

In this chapter, we will review and discuss how AI/ML methods provide us with innovative 
solutions to analyze textual data in education (e.g., transcripts from classroom observations, 
student assignments, lesson plans, etc.), as well as summarize the promises and pitfalls of 
these new methodological advancements. To guide our review of this emerging new field, we 
use the Instructional Core Framework that depicts the dynamic interactions among students, 
educators, and educational content to create learning opportunities and classroom environ-
ments (City et al., 2009; Gillies, 2015; Hennessy et al., 2023). Textual artifacts pertaining to 
each component and their interactions offer valuable insights into instructional practices.

Specifically, we identify three main areas where AI/ML analysis of textual data can be 
adapted: teacher contributions, student contributions, and curricular content. Each of these 
three components both utilize and generate textual data. Teachers design curricula and les-
son plans as textual data. At the same time, the instruction inside classrooms can also be 
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Instructional improvement

transcribed to serve as data for analysis of instruction quality. On the other hand, teachers rely 
on the feedback from student assignments to provide tailored course content. Students submit 
their assignments as potential textual data for analysis while taking teachers’ instruction as 
inputs. Content itself serves as a major textual data input, but also incorporates new data like 
feedback from both the teachers and the students to adapt and better serve the educational 
purposes. For each component, we discuss example studies relevant to understanding data-
driven research and improvement targeting that component, and conduct a nuanced exami-
nation of the complexities, potentials, and limitations inherent in AI/ML-powered textual 
analysis of instructional artifacts related to that component. Moreover, we will explore how 
AI/ML can be utilized as an observational tool to enhance classroom observations, providing 
more precise and scalable insights into instructional practices to gain a deeper understanding 
of the dynamics within the classroom. In the end, we remain cautiously optimistic about the 
value of this line of research in advancing education and identify several major directions for 
future research.

THE INSTRUCTIONAL CORE FRAMEWORK

The Instructional Core Framework is a conceptual tool used to understand the dynamic inter-
actions among teachers, students, and content within the classroom. It serves to facilitate the 
categorization of textual analysis in educational research, analyze use cases, and anticipate 
future directions. We use this framework to contextualize the findings and convey the broader 
implications of the results from the existing body of knowledge. The Instructional Core 
Framework challenges traditionally prevailing paradigms, advocating for a departure from 
teacher-centric instructional approaches toward a more dynamic interplay between teach-
ers and students (City et al., 2009). The Instructional Core Framework functions as a guide 
through the multifaceted terrain of instruction, offering an analytic lens into the classroom 
dynamics that are conducive to the enhancement of both teaching and learning.

The instructional core includes three interdependent components, with dynamic interac-
tions between one another. These components include teachers’ knowledge and skill, stu-
dents’ engagement in learning, and academically challenging content. The components in 
the instructional core collectively influence the quality of teaching and learning in a class-
room. To improve classroom instruction, either the components themselves or the relation-
ships among the teacher, student, and content need to be changed. For example, improving 
students’ engagement in learning may require changes in the knowledge and skill of teachers, 
in turn affecting content, and altering the ways in which teachers engage students with content 
(Elmore, 2008).

Instructional improvement can focus on any of the three components in the instructional 
core, including the quality and dynamics of the interactions between them. For example, 
efforts for improvement in the three components of the instructional core might involve pro-
viding feedback on teachers’ knowledge and practices (Bain & Swan, 2011), academic assess-
ment based on group and individual student practice opportunities (Doabler et al., 2019), 
and generating high-quality and coherent curriculum and materials as instructional content 
(Harris et al., 2015). These efforts aim to enhance the effectiveness of teaching and learning 
processes, contributing to instructional improvement in educational settings.
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192  Research handbook on classroom observation

Besides the individual components, the connections between instructional core compo-
nents are also key characteristics integrated within the framework, linking teachers, students, 
and content in a holistic manner. These interdependent relationships provide additional ways 
to improve educational practices, leading to another important aspect of the Instructional 
Core Framework; improvements in one component may depend on other components (City 
et al., 2009). As indicated in Figure 11.1, all three components are correlated, meaning that 
disentangling one from the other two may cause imbalance and consequently fail to create 
improvements in instructional practices. If we aim to enhance the content, we should assess 
whether teachers are equipped to handle the more advanced curriculum and also consider 
whether students can effectively engage with it (Elmore, 2010). This demonstrates the inter-
play between content and teachers, as well as between content and students. Merely incorpo-
rating high-level content into the curriculum, without taking into account the readiness and 
acceptance of both students and teachers, would not be prudent.

To achieve effective instructional improvement, it is crucial to thoroughly gather, organize, 
and analyze relevant data pertaining to the instructional core. Today, vast amounts of obser-
vational data on instruction are being generated each year, but the volume of this educational 
data poses new challenges and opportunities. With the help of AI/ML, educators and admin-
istrators might be better able to utilize this vast data, gaining valuable insights and making 
informed decisions based on evidence. Textual artifacts of classroom instruction take a vari-
ety of forms, including: transcripts of instructional discourse, students’ written homework, 
chat history between tutors and students, textbooks, and different types of Open Educational 
Resources. These first-hand educational materials and data capture nuanced details and pat-
terns of classroom dynamics, which are often absent from traditional, structured, administra-
tive data produced by conventional methods (Abrahamson & Sánchez-García, 2016; Scribner 
& Donaldson, 2001). Natural Language Processing (NLP; a method concerned with giv-
ing computers the ability to support and manipulate human language) and other computer-
assisted manipulation of linguistic data can be used to discover patterns in either structured 
or unstructured data. To make these methods useful to educators, researchers must integrate 

Figure 11.1  �  Opportunities for AI/ML to influence the instructional core
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domain- and subject-specific knowledge into the inferential process that guides these meth-
ods’ application.

To show the potential of AI/ML methods, when well informed by the Instructional Core 
Framework, to generate novel insights on teaching practices and enhance student learning 
experiences (Cardona et al., 2023), in this chapter we consider a set of use cases, along with 
implications for future research. For example, by providing automated feedback on teacher 
discourse, AI/ML becomes a powerful tool for professional development and instructional 
change. For students, it facilitates auto-grading and coursework evaluation, offering valuable 
feedback and access to intelligent tutoring systems. Additionally, AI/ML enables large-scale 
data analysis, providing unique insights. AI/ML methods can even assist in tasks of generat-
ing content and insights, such as lesson planning and individual student feedback. This inte-
gration not only streamlines administrative tasks but also reshapes the dynamics within the 
educational landscape. In terms of teacher-content dynamics, AI/ML offers tailored tasks 
suited to varying cognitive demands while providing teachers with manageable plans. It could 
even be used to bridge the gap between teachers and students by diminishing pre-existing 
perceptions of student achievement levels (Seo et al., 2021). The goal of such transformations 
is to eliminate the divide between teachers’ assumptions, research-based expectations, and 
students’ actual capabilities, fostering effective conversations and facilitating a more accu-
rate understanding of students’ potential. Ultimately, the integration of AI/ML into systems 
that provide information on various components and interactions, as understood through the 
Instructional Core Framework, has the power to propel education toward unprecedented pos-
sibilities and foster deeper connections and personalized learning experiences.

TEXTUAL ANALYSIS TO SUPPORT TEACHERS’ LEARNING

In recent years, the landscape of professional development for educators has undergone a 
transformative shift by leveraging AI/ML capabilities to enhance instructional practices. 
Traditional feedback mechanisms, often sporadic and evaluative in nature, are evolving as 
technology becomes an integral part of this process (Demszky et al., 2023; Jensen et al., 
2020). As part of practical demand, research has just started to demonstrate the efficacy of 
AI-driven tools in refining teacher discourse and fostering a more inclusive classroom envi-
ronment. Within this context, NLP offers a powerful approach to measure teaching prac-
tices through the analysis of textual data like classroom transcripts by identifying linguistic 
nuances, communication styles, and the frequency and quality of teacher–student engagement 
(Tosey & Mathison, 2010). This provides educators with valuable insights into their strengths 
and areas for improvement. In this section, we summarize a few exemplary studies.

Advancing Classroom Discourse: Applying Natural Language Processing (NLP) to 
Identify Authentic Teacher Questions

Classroom discourse in educational settings manifests through diverse forms, ranging from 
teacher-directed lectures and procedural communication to open-ended discussions fostering 
collaborative exchanges between students and teachers (Alexander, 2008; Juzwik et al., 2015). 
By creating dialogic space and opening up classroom discourse, teachers are able to enhance 
students’ active learning, particularly in language classrooms, as high-quality classroom 
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discourse is characterized by open-ended or authentic questions along with formative feed-
back, where student contributions are probed and elaborated on (Hardman, 2016; Soter et al., 
2008).

An abundance of authentic questions can promote substantive conversation and is related 
to overall student engagement and achievement growth. Kelly et al. (2018) incorporated AI 
into a classroom observation system to address difficulties in measuring question authenticity 
at scale, an endeavor which previously relied on human observations and human coding. The 
study adopted automatic speech recognition, NLP, and ML to train models to detect authentic 
questions. The methodology for this study underwent iterative refinement, drawing insights 
from two primary data sources. First, a comprehensive archival database with text transcripts 
from 451 observations across 112 classrooms was utilized (Partnership data). Additionally, 
a new set of 132 high-quality audio recordings from 27 classrooms was collected (Class 5.0 
data), adhering to technical constraints aimed at anticipating large-scale automated data col-
lection and analysis. These diverse data sources laid the foundation for the investigation con-
ducted by the research team.

Kelly et al. (2018) adopted different methods for archival and newly collected data. First, 
they applied a semi-automated measurement approach to the archival Partnership data, where 
human coders had previously carried out a wide range of different tasks, including segment-
ing the raw classroom audio into teacher utterances, identifying which utterances are ques-
tions, distinguishing instructional questions from non-instructional questions, and providing 
approximate transcriptions of the instructional questions. The next step included syntactic 
and discourse parsing, which was used to compute sentence (a teacher utterance) and multi-
sentence discourse features (Manning et al., 2014; Surdeanu et al., 2015). Then, the study 
team identified various properties of language to arrive at a set of 244 features at each level of 
structure (word, sentence, discourse), including question stems (e.g., “what,” “how,” “why”), 
word order, and referential chains, and so forth. Using the newly collected Class 5.0 data, the 
team applied a fully automated approach with the ultimate goal of providing a measure of 
authenticity from a recording of classroom audio without any human involvement.

With different approaches and abundant datasets collected, the authors report a sufficiently 
high correlation between the computer- and human-coded authenticity, which suggests a 
promising avenue toward further automated measurement of classroom discourse. Kelly and 
colleagues’ work highlights how NLP techniques can be used for such analysis purposes, 
not only offering a more efficient and scalable approach to measuring question authentic-
ity but also holding the potential for improving teacher professional development and class-
room instruction (2018). However, the authors also recognized the challenges that may occur 
when implementing in real-world cases, which include issues like noise, dialect diversity, data 
imbalance, and many more. It is undeniable that authenticity in itself is a complex construct, 
yet still, the inclusion of automated approaches empowered by NLP can offer some promising 
solutions to identify authentic questions and other classroom discourse features. By leverag-
ing NLP, innovative approaches can provide high-quality feedback to teachers derived from 
transcripts of classroom interactions and detect instructional factors which are well aligned 
with commonly used observation protocols (Danielson, 2013). This unlocks the potential to 
enhance existing classroom observation systems through collecting far more data on teaching 
at a lower cost, higher speed, and with the detection of multifaceted classroom practices (Liu 
& Cohen, 2021).
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Using NLP to Identify Accountable Talk and Address the Diversity of Lesson Study

Research teams have also applied automated methods to the study of “Accountable Talk,” a 
framework for discourse in mathematics classes that facilitates student learning (Michaels 
et al., 2008). By utilizing advances in automatic speech recognition and NLP, automated 
approaches can help identify features of accountable talk to direct classroom discourse to 
be more engaging and efficient. A pilot study of feedback on Accountable Talk with the 
TalkMoves application by Jacobs et al. (2022) showcases a promising trend of increased use 
of accountable talk features, emphasizing the potential of platforms like the TalkMoves appli-
cation to democratize access to high-quality feedback for educators. These advancements 
demonstrate the prowess of ML in swiftly and accurately classifying classroom discourse, 
offering automated insights that align remarkably well with human-coded evaluations (Wang 
et al., 2014). This convergence underscores the capacity of NLP to streamline feedback pro-
cesses and provide invaluable support for instructional improvement by utilizing textual data 
generated through instructional practices.

Instructional processes in classrooms consist of a diverse set of activities. One approach to 
professional development that embraces this diversity is “lesson study,” where teachers sys-
tematically examine their practice and improve their instructional practices (Makinae, 2019; 
Saito, 2012). “Lesson study” recognizes the complexity of cognitive demands inside class-
rooms and provides ways for teachers to understand such complexity. Appropriately trained 
and fine-tuned NLP models could, in theory, efficiently analyze huge amounts of data gener-
ated from inside the classroom and provide accurate feedback for teachers. With guidance 
from these analyses in the form of instructional feedback, teachers could then develop their 
own learning and understanding. This process can ultimately help both teachers and stu-
dents achieve high-level tasks in classrooms. High-level tasks are critical because they require 
higher-order thinking skills, which are linked to higher performance and cognitive skills. By 
integrating high-level tasks with the right instructional practices, students can achieve very 
competitive outcomes (Newmann et al., 2001).

Generative AI for Teacher Coaching

Teachers’ actions and inactions in the classroom are critical in determining the quality of the 
learning experience for students. Professional development serves as a dynamic and evolving 
mechanism through which educators engage in continuous learning and refinement of their 
skills. Internationally, classroom observation is widely recognized as a key tool for teachers’ 
professional development and evaluation (Martinez et al., 2016). As part of formal, admin-
istrative evaluation, the feedback is conventionally provided by school administrators, peer 
teachers, and instructional coaches. Administrators conducting evaluations use pre-deter-
mined protocols and assessments that include various rubrics, facilitating and structuring the 
evaluation process. However, due to the variation in expertise, resources, and human subjec-
tivity under different contexts, assessments of such kinds inherently have limitations in their 
validity and applicability (Kelly et al., 2020). The heterogeneity of evaluation processes and 
feedback induces variation (or disparities) in teacher development opportunities and practices, 
which in turn significantly impact student educational outcomes.

Prior efforts have shown the promise of adopting machine learning and natural language 
processing in assessing teachers’ instructional practices, such as detecting authentic questions 
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(Kelly et al., 2018) and accountable talk moves (Jacobs et al., 2022; Suresh et al., 2022). It is 
important to note that the work by Kelly et al. (2018) and Jacobs et al. (2022) does not address 
teacher evaluation directly. Instead, it focuses on enhancing instructional practices through 
detailed feedback. Kelly (2023) introduces the concept of “agnostic” instructional observa-
tion systems that avoid making evaluative judgments at the point of coding. These systems 
offer detailed, fine-grained data that teachers can use to reflect on and improve their practices 
without the pressure of evaluative judgment. To provide actionable feedback similar to that 
provided by human evaluators and coaches during professional development sessions, gen-
erative AI, like GPT-3.5, has huge potential in providing relevant feedback that aligns with 
conventional coaching. These tools have already demonstrated capabilities in generating texts 
in education settings and are widely adopted by teachers and school professionals, playing 
multiple roles in pedagogical activities (Jeon & Lee, 2023). The use of agnostic systems, as 
advocated by Kelly (2023), can enhance these AI tools’ effectiveness by ensuring that feed-
back remains descriptive and non-judgmental, thereby supporting professional growth rather 
than evaluation.

Leveraging Generative AI to Facilitate Teachers’ Day-to-day Activities

In the selected case study for this section, Wang and Demszky (2023) investigated whether 
ChatGPT can help teachers and education professionals by applying observational rubrics 
to classroom observation data, and then providing effective feedback and generating helpful 
pedagogical suggestions. The authors assigned three separate tasks for ChatGPT to perform 
with observational data. The first task was to score a transcript segment for items derived 
from classroom observation instruments, according to criteria of the Classroom Assessment 
Scoring System (CLASS) and Mathematical Quality Instruction (MQI) rubrics. The second 
task was to identify highlights and missed opportunities for CLASS and MQI items, elaborat-
ing on these elements that occurred or did not occur during instruction. The third task was 
to provide open-ended, actionable suggestions to the teacher for eliciting more student math-
ematical reasoning in the classroom. These three stages of analysis are similar to what human 
evaluation and coaching would look like, but now applied more efficiently in an automated 
process.

The data used in this study was extracted from the National Center for Teacher Effectiveness 
(NCTE) Transcript dataset (Demszky & Hill, 2023) in this work, the largest publicly available 
dataset of U.S. classroom transcripts linked with classroom observation scores. The dataset 
consists of four years (2010–2013) of classroom transcripts from 4th and 5th grade elemen-
tary mathematics observations. At the time of data collection, experts assessed and rated the 
transcripts based on two instruments, both CLASS and MQI. CLASS instrument scoring 
segmented instruction into 15-minute sections, whereas MQI corresponds with 7.5-minute 
sections. All randomly selected segments were provided to ChatGPT in combination with 
zero-shot prompting (using a pre-trained language model to generate text in response to a 
task or query that it hasn’t been specifically trained on). The authors measured zero-shot 
performance first because segments of the NCTE transcripts are long, causing annotated sec-
tions to exceed the input limit. Additionally, zero-shot prompting closely aligns with how an 
average teacher would interact with ChatGPT day-to-day, utilizing the generative AI as it is 
given without specific fine-tuning. Demszky and colleagues recruited human participants to 
examine the validity of ChatGPT’s performance on all three tasks, evaluating the outputs 
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alongside human ratings. The results indicated that ChatGPT was able to provide relevant 
responses, yet failed to give novel and insightful feedback. The low quality of strategic feed-
back is likely attributable to the scarcity of instructional information at ChatGPT’s disposal, 
leading to insufficient information around examples of teacher coaching. The incorporation 
of generative AI presents promising prospects for improving certain aspects of teacher coach-
ing, such as automating the measurement of classroom interactions. However, whether entirely 
automated teacher coaching is possible or advisable remains uncertain. Adequate training 
data and illustrative examples might enhance the capabilities of AI, but we do not yet know if 
these will be sufficient. Moreover, while automating the measurement of classroom activities 
can provide valuable insights, automating the advice and feedback for teachers may not be as 
beneficial. It is essential to consider that teachers, who are professionals in their fields, should 
be empowered to interpret the data and reach their own conclusions about how to improve 
their instructional practices, based on the information provided by automated systems.

In sum, this study employed a zero-shot performance evaluation approach, mimicking how 
teachers might interact with generative AI in their day-to-day activities without specific fine-
tuning. This approach aligns with practical implementations and offers insights into the mod-
el’s adaptability. However, the effectiveness of generative AI, as demonstrated in the study, is 
contingent upon the availability of ample training data and illustrative examples, the lack of 
which points to challenges in replicating the novelty and insightfulness of human-generated 
feedback. Despite illustrating ChatGPT’s performance with zero-shot prompting, the study 
still calls for development and fine-tuning required for AI models in the context of teacher 
coaching and professional development.

Textual Analysis for Student Support and Assessment

AI/ML technologies, including NLP, present diverse avenues for enhancing students’ course-
work. This transformative potential is evident in three major applications: (a) generating per-
sonalized and adaptive items through fine-tuned models tailored to specific subject areas; (b) 
analyzing and auto-grading coursework; and (c) providing students with feedback, including 
intelligent tutoring. Just as AI/ML contributes to the democratization of high-quality feedback 
for educators in professional development, its applications in supporting student learning hold 
the promise of more personalized, adaptive, and efficient learning experiences for students.

Integrating AI/ML in adaptive learning is an approach that can be used to customize 
instruction to learners’ backgrounds, experiences, and prior knowledge (Alam, 2023; Peng 
et al., 2019; Walkington, 2013). AI/ML systems can select or recommend optimal content 
from a set of available resources. They can provide guidance on designing a well-structured 
long-term curriculum that sequences learning activities over a unit of instruction, and connect 
learners to appropriate content that matches their strengths and bypasses their weaknesses, 
ultimately aiding in precise performance evaluations and personalized learning (Maghsudi et 
al., 2021). AI/ML tools offer a range of customization spanning different subject areas, as well 
as various pedagogical approaches (Ruiz-Rojas et al., 2023).

Furthermore, teachers have used AI/ML-powered tools to grade assignments, provide effi-
cient and timely feedback to students, and predict student learning trajectories and outcomes 
(Chen, 2018; Wilson et al., 2022). The automation of assessment processes offers benefits such 
as rapid evaluation, consistency in grading, and the ability to handle large volumes of student 
work. This type of technology takes as input student submissions through online platforms or 
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through transcribed responses, and then relies on computer-based algorithms like text min-
ing in order to find the similarities between student responses and the assessment require-
ments (grading criteria) determined by teachers (Kakkonen & Sutinen, 2004). Traditionally, 
free-response questions on tests and assignments (e.g., where students compose paragraphs or 
essays) require a particularly heavy effort by teachers to grade. Here, AI/ML methods offer an 
efficient evaluation method by focusing on critical words and sentences present in the student 
composition, analyzing the logical semantic relationship of the content, and generating an 
overall grade (Wang et al., 2018). Even when the AI/ML system is not provided with a grading 
rubric, but only a training dataset of human-scored examples, currently available auto-grading 
technology can still handle the assessment and achieve good inter-rater agreement with expert 
grading (Yang et al., 2017).

The third application, intelligent tutoring, is a dynamic combination of the previous two. By 
leveraging student log data, which contains activities and previous performance, and utilizing 
sentence‐level semantic representations of student responses to open‐ended questions, AI/
ML can provide a collaborative filtering‐based approach to both predict student scores and 
recommend appropriate feedback messages for teachers to send to their students (Botelho et 
al., 2023). Intelligent Tutoring Systems (ITSs) have been designed to deliver adaptive guid-
ance and instruction, evaluate learners, define and update the learner’s model, and classify or 
cluster learners (Corbett et al., 1997; Mousavinasab et al., 2021; Nwana, 1990).

Automated Grading for Massive Open Online Courses (MOOCs)

From K-12 to higher education, a significant migration from physical materials to digi-
tal resources has occurred in recent years, especially following the COVID-19 pandemic. 
The fact that more and more students are relying on computers to complete and submit their 
schoolwork requires teachers to adapt, learning how to grade assignments and assess student 
performances in this new context. Zhao et al. (2017) provide a comprehensive exploration into 
the domain of automated grading tools, particularly focused on essay writing and open-ended 
assignments within the context of Massive Open Online Courses (MOOCs). The research 
addresses the burgeoning need for scalable grading solutions as more students rely on digi-
tal platforms for academic submissions. The proposed model, centered around memory net-
works, is particularly effective. This is because memory networks allow the model to utilize 
a large memory component to store and retrieve rich representations of previously graded 
responses. This capability enables the model to handle complex reasoning tasks and make 
more accurate predictions. The evaluation of this model was conducted using the Kaggle 
Automated Student Assessment Prize (ASAP) dataset, which is a publicly available dataset 
of student essays graded by human raters. The dataset consists of eight sets of essays, each 
corresponding to a different prompt and grading rubric. The model was able to achieve state-
of-the-art performance, excelling in seven out of the eight essay sets. This was measured using 
the Quadratic Weighted Kappa (QWK) metric, which assesses the agreement between the 
predicted scores and the human-assigned scores. Achieving high QWK scores indicates that 
the model’s predictions are closely aligned with human judgment, demonstrating its effective-
ness in automated essay grading.

The authors relied exclusively on the Kaggle ASAP dataset, leveraging it for both train-
ing and evaluating the memory networks-powered automated grading model. The model of 
the study comprises four key layers. The first layer is input representation, responsible for 
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generating vector representations of student responses. The second layer is memory address-
ing, loading selected responses into memory with weighted assignments. The third layer is 
memory reading, retrieving content based on weighted summation. The fourth and last layer 
is output, making predictions from the resulting state. Stacking Memory Addressing and 
Reading layers enhances the model’s ability to learn abstract representations through succes-
sive computational stages. The primary focus lies in establishing a robust and reliable repre-
sentation of assignments through vectorization, coupled with the storage of pertinent samples 
in the memory component. However, the study recognizes the need for future endeavors to 
expand the model’s applicability, urging the exploration of diverse datasets featuring varied 
assignment formats to enhance generalizability. Attention is also directed toward refining 
assignment representation and mechanisms for measuring relevance among assignments in 
forthcoming research.

The authors indicated that there are two key factors to the performance: reliable repre-
sentation and memory component. By recognizing and accounting for these two factors, the 
model’s potential generalizability to assignments from diverse subjects underscores its signifi-
cance in the broader educational landscape. Acknowledging its merits, the study concurrently 
underscores its limitations, notably being tested solely on the Kaggle ASAP dataset. This calls 
for further exploration with diverse datasets containing various assignment formats. The other 
area marked for improvement is the representation of the assignment and the mechanism for 
measuring relevance among assignments, requiring enhancement in these aspects to improve 
the overall robustness and applicability of the model.

ChatGPT for Automated Scoring and Assessment in K-12 Settings

Generative AI like ChatGPT utilizes large language models (LLMs) to generate responses 
in accordance with prompts and inputs. LLMs, a type of language model that can both 
understand and generate texts, work better when they have been fine-tuned to the specific 
task at hand. For example, with sufficient training data, a 2-billion parameter model named 
MathGLM can provide multi-digit arithmetic operations with almost 100% accuracy, sig-
nificantly surpassing GPT-4, the model on which ChatGPT Plus is based (Yang et al., 2023). 
Similarly, generative AI has been fine-tuned for performance of educational prompts, includ-
ing automatically scoring student-written constructed responses using example assessment 
tasks in science education. The fundamental difference between this generative AI approach 
and the AI/ML approaches discussed in the previous MOOC section lies in their operational 
methodologies and applications. AI/ML approaches for assignment scoring, such as those 
utilizing memory networks, rely on comparing new responses with pre-stored graded samples 
to predict scores. These models are trained to recognize patterns and similarities based on 
specific features and historical data. In contrast, generative AI models like ChatGPT generate 
responses by predicting the next word or sequence of words based on the context provided 
by the input prompt. They are not just recognizing patterns from past data but are generating 
new content that aligns with the input requirements. When fine-tuned for specific tasks, such 
as rubrics-based scoring responses, they learn to generate evaluative feedback and scores in a 
manner that mimics human judgment. This allows them to provide more nuanced and contex-
tually appropriate feedback to both teachers and students, although the models’ effectiveness 
depends heavily on the quality and extent of the fine-tuning data.
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Latif and Zhai (2024) have fine-tuned ChatGPT (GPT-3.5) for scoring assessments in 
science classrooms. While GPT-3.5 has demonstrated proficiency in natural language pro-
cessing, its direct use for scoring student responses is limited by the contextual variation in 
language because it does not specifically focus on science instruction without fine-tuning. 
The study trained GPT-3.5 on specific assessment tasks using a dataset that included student 
responses and expert scores. A comparative analysis was conducted, comparing GPT-3.5 with 
BERT—which stands for Bidirectional Encoder Representations from Transformers, another 
pre-trained natural language processing model that has significantly advanced language 
understanding tasks by capturing bidirectional context representations (Devlin et al., 2019). 
The research aimed to gauge the effectiveness of GPT-3.5 in enhancing automatic scoring 
accuracy. Additionally, the study explored text data augmentation as a creative strategy to 
leverage GPT-3.5-turbo’s capabilities for enhancing automated evaluation precision. It dem-
onstrated the effectiveness of this approach in producing a more extensive and diverse train-
ing set for scoring mechanisms, leading to improved performance in evaluating student text 
responses (Cochran et al., 2023).

These findings highlight the potential of domain-specific fine-tuning in improving the 
performance of large language models for educational assessment tasks. This approach pro-
vides a valuable tool for educators and researchers by delivering more accurate and reliable 
scoring of student responses. The fine-tuned models have been made available for public 
use and community engagement, supporting their practical implications. However, potential 
limitations include the need for additional extensive fine-tuning and further studies on the 
generalizability of these models across different educational contexts, such as online versus 
in-person instruction, varying class sizes, and diverse subjects. This underscores the impor-
tance of continued research and development to maximize the utility and effectiveness of AI 
in educational settings.

Textual Analysis for Content Analysis and Development

High-quality instructional materials can have significantly positive effects on student learn-
ing and outcomes (Read, 2015). Large language models (LLMs) offer a way to both analyze 
existing curricular resources and provide new materials based on insights gained from the 
analyses. As the online landscape of educational resources grows, schools and educators are 
increasingly turning to digital materials alongside traditional textbooks. Open educational 
resources (OERs), with their undeniable promise of cost-effectiveness and accessibility, pre-
sent a prospect for overcoming cost barriers by democratizing access to high-quality materials 
(Richter & McPherson, 2012). However, a crucial question looms: how can we vet the quality 
of these OER materials to ensure content rigor, engagingness of activities, and inclusivity 
to diverse students’ backgrounds and needs? After the computer understands the quality of 
instructional materials, the generative AI models will. An interdisciplinary group of research-
ers, funded by the National Science Foundation, proposes a novel and rigorous approach to 
addressing these key questions by integrating domain knowledge in mathematics instruction 
with the latest technologies of AI/ML analysis of text data (National Science Foundation, 
2023).
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Open Education Resources as Data

Sun et al. began with an extensive data collection phase, amassing over 40,000 mathematics 
lesson plans from a variety of OER platforms, including widely known sites like BetterLesson, 
Illustrative Mathematics, and Achieve the Core. The research team paid special attention to 
the representativeness of the sampled lesson plans to guarantee that the collection exempli-
fied the breadth of resources available for educators. The gathered lesson materials were then 
organized in data tables and stored using advanced data management solutions, enhancing 
efficiency in data handling and allowing for the integration of various types of data, such as 
information on how widely used the materials were (download numbers) and comments from 
the OER websites. The team also conducted regular exploratory data analyses to examine the 
distribution of key measures within the lesson materials. This process was crucial for making 
sense of the data and identifying any potential errors. This robust data collection and analysis 
formed a solid foundation for the subsequent phases of the study, where the quality of these 
lesson materials was scrutinized and enhanced through human-centered evaluations and AL/
ML algorithms.

Classification Methods of High-Quality Lesson Plans: Human-Centered Data Science 
Approach

Central to the study is a human-centered method for assessing the quality of lesson plans, 
an approach instrumental in ensuring the reliability and validity of both the measures and 
the algorithms employed. This approach initiates with the development of a theory/concep-
tual framework for high-quality instruction through a comprehensive literature review and 
the application of the Delphi method, a mixed-method technique combining surveys and an 
expert panel to achieve consensus on key aspects of instructional quality and their measure-
ment. Utilizing domain expertise from educators and researchers, the study formulates rigor-
ous quality measures and coding rubrics, laying the groundwork for human coding. A team 
of experienced teachers and instructional coaches then manually codes 1,000 selected lesson 
plans, evaluating them against the established criteria for curriculum alignment and pedagogi-
cal efficacy. This step provides a nuanced understanding of what constitutes quality in K-12 
mathematical instruction, ensuring the machine learning (ML) algorithms, trained on these 
evaluations, are based on a well-defined framework and an expert-endorsed training dataset.

The research team combines machine learning algorithms with human expertise to assess 
lesson plans in a comprehensive study to enhance the quality of educational resources. These 
algorithms are specifically developed to identify essential quality features in lesson plans, 
such as highly cognitively demanding tasks and meaningful student discourse. The multi-task 
classification models are based on two powerful pre-trained language models, BERT (Devlin 
et al., 2019) and RoBERTa (Liu et al., 2019), and are trained on human-coded data. These 
ML algorithms identify patterns in lesson plans and offer a scalable solution for assessing the 
broad array of available lesson materials.

Researchers typically use several evaluation methods to validate the quality ratings gener-
ated by the classification. These include cross-validation, where a subset of the data is used 
to test the algorithm. Researchers can also compare algorithm ratings with human experts’ 
ratings. For example, Sun and her team trained a new group of 20 math master teachers to rate 
2,000 machine-coded lesson plans using the same rubrics developed for this study, to both 
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evaluate the algorithm’s performance and offer human feedback to refine machine learning 
algorithms. Through this blend of AI and human judgment, the study aims to offer a robust 
tool for educators, guiding them toward high-quality, pedagogically sound resources in the 
evolving digital education landscape. Therefore, by fine-tuning AI’s assessment capabilities 
through teachers’ practical understanding of quality measures drawn from classroom experi-
ence, the study ensures that algorithms are not only theoretically sound but also practically 
relevant and effective. Integrating human expertise and automation presents a powerful tool 
for educators, enabling them to navigate and select high-quality OERs, thereby addressing the 
critical need for pedagogical efficacy and curricular alignment in the digital age of education.

Fine-Tune LLM to Generate Lesson Materials that are Consistent with these Quality 
Measures

The future direction of the research project involves fine-tuning LLMs to generate lesson 
materials that adhere to established quality measures. This initiative marks a pivotal shift from 
evaluating existing educational resources to actively creating new ones using cutting-edge AI 
technology. The primary goal of fine-tuning LLMs is to align the generated lesson materi-
als with the high-quality benchmarks set in the study’s earlier phases. Furthermore, insights 
from teacher evaluations of existing lesson plans will inform the iterative fine-tuning process. 
The continuous refinement will also involve pilot testing of the AI-generated materials in real 
classroom settings to gather empirical data on their effectiveness and to make context-specific 
adjustments. A key challenge will be bridging the gap between AI capabilities and educational 
expertise. Addressing this, the research emphasizes interdisciplinary collaboration, uniting 
AI researchers, data scientists, and educational experts to ensure that the LLMs are trained 
and fine-tuned in a manner that accurately reflects the intended pedagogical principles and 
practices. The team will also continuously explore customization and adaptability of LLMs, 
aiming to create tailored lesson materials that cater to diverse learning styles, student needs, 
and curriculum requirements. Ethical considerations, particularly regarding the use of data 
and the potential impacts on educational equity, will remain a priority.

FUTURE DIRECTIONS

This chapter summarizes the emerging field of adopting AI/ML-powered textual analysis for 
instructional improvement. We utilize the Instructional Core Framework to guide the review 
and discussion of existing studies pertaining to the three components of teacher, student, and 
content, providing one to two case studies to illustrate the scenarios under which AI/ML can 
be implemented. AI, particularly large language models (LLM) and generative AI, holds the 
potential to expedite the translation of research into EdTech products and redefine research 
methodologies. We highlight the transformative capacity of these technologies in enhancing 
instructional efficiency and effectiveness. By weaving together learning and instructional the-
ories with the latest technologies, we envision that AI-powered textual analysis and generation 
will make a significant contribution to K-12 research and practices. This chapter is written to 
inspire dialogue, foster innovation, and chart a path toward an era of unparalleled educational 
excellence. Specifically, we envision the following trends will be extended.
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Trend 1: The human-centered AI partnership model involves the mutual reinforce-
ment and integration of AI/ML methodologies, educational domain knowledge, and 
human expertise. The advancements in AI/ML bring about revolutionary changes in various 
aspects of education, such as reshaping teaching and learning experiences and enhancing 
educational tools. On the other hand, it is crucial to incorporate educational domain knowl-
edge to ensure that AI/ML models are relevant, useful, and effective in educational settings. 
Additionally, as the integration of AI in education progresses, addressing ethical considera-
tions becomes increasingly important. By incorporating human elements and domain knowl-
edge into AI/ML algorithms, fairness, accountability, transparency, and explainability can 
be ensured. Conversely, effective analysis of instructional artifacts by AI/ML may uncover 
new foundational knowledge about instruction and human learning or create more personal-
ized instructional materials and pedagogical practices to support student learning. The syn-
ergy between AI’s ability to recognize patterns and automate tasks with human insight into 
context-specific understanding has the potential to foster an adaptive, inclusive, and equitable 
educational ecosystem that empowers all learners and educators.

Trend 2: AI technology and research aim to amplify human creativity. This perspec-
tive acknowledges the essential value of human experience in both educational processes 
and AI tool development, positioning AI as a catalyst for fostering creativity and developing 
skills. This trend emphasizes technology’s role in enabling human potential by encouraging 
critical thinking, nuanced problem-solving, and collaboration. It involves examining AI’s role 
in facilitating human cognition and behavioral development through adaptive algorithms and 
flexible accessibility. Drawing on nudging and other socio-technical learning theories, where 
humans and technology iterate and bounce off ideas, will be critical to inform technology 
design features and become an important perspective for researchers studying instructional 
improvement.

Trend 3: Developing high-quality and inclusive annotated data will be key to support-
ing AI-powered analysis for further improvement. As exemplified in several summarized 
studies in this chapter, researchers have invested significant resources in annotating important 
features that align with instructional domain knowledge. These annotated data help train or 
fine-tune AI algorithms to understand the nuances and intricacies of educational content, ena-
bling them to provide more accurate analyses and insights. Furthermore, it is crucial to ensure 
that the annotated data used to train algorithms represent diverse student and educator back-
grounds and preferences. This helps combat algorithmic bias by ensuring that the AI models 
are trained on a wide range of perspectives, experiences, and cultural contexts. Sharing these 
high-quality annotated datasets is also essential for supporting the broader research com-
munity. By making these datasets available to other researchers, we can foster collaboration, 
encourage innovation, and accelerate progress in developing effective AI-powered analysis 
tools for instructional improvement.

In conclusion, the human-centered AI partnership model in education involves integrating 
AI/ML methodologies, educational domain knowledge, and human expertise. Future research 
should continue to explore how AI/ML can enhance classroom observations, providing more 
detailed and scalable insights into instructional practices. This will help in developing more 
personalized and effective educational interventions, bringing about revolutionary changes in 
teaching and learning experiences by enhancing educational tools and reshaping instructional 
practices. To fully leverage AI in the continuous improvement of instruction and learning, the 
development of common, shared data infrastructure is key. This infrastructure should support 
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the seamless integration of analytics and generation, enhancing AI-powered tools’ effective-
ness, combating algorithm bias, and amplifying human learning. Future research should 
focus on the integration of these analytics tools to provide real-time, actionable insights for 
educators.
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