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Abstract 

We discuss transforming STEM education using three aspects: learning progressions (LPs), constructed response 
performance assessments, and artificial intelligence (AI). Using LPs to inform instruction, curriculum, and assessment 
design helps foster students’ ability to apply content and practices to explain phenomena, which reflects deeper sci-
ence understanding. To measure the progress along these LPs, performance assessments combining elements of dis-
ciplinary ideas, crosscutting concepts and practices are needed. However, these tasks are time-consuming and expen-
sive to score and provide feedback for. Artificial intelligence (AI) allows to validate the LPs and evaluate performance 
assessments for many students quickly and efficiently. The evaluation provides a report describing student progress 
along LP and the supports needed to attain a higher LP level. We suggest using unsupervised, semi-supervised ML 
and generative AI (GAI) at early LP validation stages to identify relevant proficiency patterns and start building an LP. 
We further suggest employing supervised ML and GAI for developing targeted LP-aligned performance assess-
ment for more accurate performance diagnosis at advanced LP validation stages. Finally, we discuss employing AI 
for designing automatic feedback systems for providing personalized feedback to students and helping teachers 
implement LP-based learning. We discuss the challenges of realizing these tasks and propose future research avenues.
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Introduction
Artificial intelligence (AI) holds tremendous potential to 
transform all fields of human activity, including educa-
tion, because the AI models can be trained to automate 
or streamline various processes and potentially can col-
laborate with or advance human activity. For example, 
one of the most popular AI tools, ChatGPT, is trained 
on large amounts of conversational data related to edu-
cation and, therefore, is capable of considering context 

and tailoring its responses to the specific needs of the 
user such as personalizing learning experiences to the 
needs of individual students (Samala, Zhai, Aoki, Bojic, 
& Zikic, 2024). However, the AI revolution comes dur-
ing a period of significant changes in the field of global 
education itself. Specifically, recent educational reform 
efforts worldwide emphasize the need to foster knowl-
edge application to support learning in science, technol-
ogy, engineering, and mathematics (STEM) at the K-12 
and the undergraduate level (National Research Council 
[NRC], 2012; PISA, 2025).

The move towards supporting knowledge application 
calls for significant changes at all stages of the learn-
ing process including the implementation of new learn-
ing systems that help foster knowledge application 
grounded in developmental models of learners. Effective 
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development and implementation of such learning sys-
tems depend upon the ability to adjust the learning pro-
cess to meet the needs of academically, culturally, and 
linguistically diverse learners. Learning progressions 
(LPs) represent cognitive models that describe how the 
understanding (competency) of big ideas develops over 
a broad, defined period (Duschl et  al., 2007). Building 
education around validated LPs can help to meaning-
fully adjust the learning process to the needs of individ-
ual diverse learners and, therefore, contribute to creating 
more equitable and effective learning systems (Kaldaras 
& Krajcik, 2024). However, these positive outcomes are 
contingent upon our capability to streamline every stage 
of the process, including the development and validation 
of the relevant LPs aligned to specific standards, carry-
ing out timely and meaningful evaluation of student pro-
gress on LP-aligned assessments, providing feedback to 
individual students and teachers, and supporting mean-
ingful use of this feedback to improve learning outcomes 
(see Fig.  1). The scope of the LP targeted in this study 
focuses on standards that describe knowledge application 
skills reflected primarily in students’ ability to integrate 
relevant disciplinary knowledge and scientific practices 
when explaining real-life phenomena and solving com-
plex problems. The Next Generation Science Standards 
(NGSS) represent a well-defined example of such stand-
ards at the K-12 level (NGSS Lead States, 2013). How-
ever, the approaches to leveraging AI for streamlining the 
process of LP-based learning are not unique to NGSS and 
are applicable across various educational settings where 
the end goal of instruction is to foster useable knowl-
edge of science among learners reflected in applying 

their understanding to real-life scenarios by engaging in 
authentic scientific practices and using other relevant 
skills.

AI holds the potential to streamline and enhance each 
stage of the process discussed above and shown in Fig. 1. 
This paper aims to discuss potential challenges and 
opportunities associated with using AI at each of these 
steps and outline further research avenues aimed at lev-
eraging AI for implementing LP-based vision of educa-
tion into practice. We will consider commonly used AI 
approaches in education, including supervised, semi-
supervised, and unsupervised machine learning (ML) 
and generative AI (GAI). Supervised ML uses previously 
labeled data (e.g., previously scored student responses) 
to predict outcomes (e.g., scores on a new set of student 
responses). Unsupervised ML uses previously unlabeled 
data to learn or find patterns without explicit instruc-
tions or labels. Semi-supervised ML refers to using par-
tially labeled data sets to predict outcomes. Finally, GAI 
is a combination of supervised and unsupervised ML that 
can identify patterns in existing data sets and generate 
new content with similar characteristics. For example, 
GPT refers to a family of GAI pre-trained models (e.g., 
GPT released in 2018, an updated model called GPT-2 
released in 2019 etc.). ChatGPT refers to a chat-bot pow-
ered by GPT model that provides a simple-to-use inter-
face, making the GPT technology accessible to an average 
user.

Importance of using learning progressions to foster 
knowledge application
Recent educational reform efforts worldwide empha-
size the need to foster knowledge application to sup-
port learning in science, technology, engineering, and 
mathematics (STEM) at the K-12 and undergraduate 
levels. These efforts include PISA, which has empha-
sized knowledge application in their assessment (PISA, 
2025). Further, Germany (Kulgemeyer & Schecker, 2014) 
and Finland (Finnish National Board of Education, 2015) 
have developed national standards to support learners 
in developing and measuring competencies. Competen-
cies in this context refer to standards expressed as learn-
ing goals that require learners to apply their knowledge 
rather than reciting back memorized information. A 
similar push towards measuring competencies is occur-
ring in the Chinese educational system (Ministry of 
Education & P.R. China, 2020; Yao & Guo, 2018). In the 
US, similar efforts have resulted in the publication of the 
Framework for K-12 Science Education (the Framework) 
and the NGSS, which emphasize the importance of fos-
tering knowledge growth coherently over time so learn-
ers can apply what they learn (NGSS Lead States, 2013; 
NRC, 2012). The National Assessment Governing Board 

Fig. 1  Learning Progression-based vision of the education focused 
on adjusting the learning process to the needs of individual learners 
via timely and meaningful LP-aligned feedback
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(NAGB) has also released an updated science framework 
for the 2028 Nation’s report card that recommends sup-
porting learners in developing the ability to integrate 
disciplinary knowledge and scientific practices to foster 
understanding (National Assessment Governing Board, 
2023).

The Framework for K-12 Science Education (the 
Framework) (NRC, 2012) builds on years of research on 
how students learn (Bransford, et al., 2000; Duschl et al., 
2007; Pellegrino et al., 2001) and emphasizes the impor-
tance of aligning curriculum, instruction, and assessment 
along empirically validated learning pathways grounded 
in relevant cognition theories (NRC, 2006). These learn-
ing pathways, called learning progressions (LPs), provide 
cognition models that describe how the understanding 
(competency) of big ideas develops over a broad, defined 
period (Duschl et  al., 2007). Building education around 
validated LPs ensures a valid interpretation of student 
progress with respect to   relevant cognition theories as 
reflected in performance on LP-aligned assessments 
(Brown & Wilson, 2011; Mislevy, 1996). If LPs are not 
used as a guide, it becomes challenging to interpret stu-
dent progress, which limits the validity of the associated 
assessment results (Mislevy, 1996). Additionally, a lack of 
information on how proficiency develops makes it harder 
for teachers to support their students in developing com-
petencies in a topic.

Learning progressions describe learning as it develops 
under carefully scaffolded curriculum and instruction 
(Duncan & Hmelo-Silver, 2009; Kaldaras & Krajcik, 2024; 
Krajcik & Namsoo, 2023). Thus, LPs are not developmen-
tally inevitable because they do not describe learning as it 
naturally occurs but rather how learning develops under 
supportive educational conditions. Additionally, the LPs, 
such as those described in the Framework, reflect scien-
tific reasoning focused on student progression towards a 
deeper understanding of a topic, as reflected in the abil-
ity to apply knowledge when explaining phenomena and 
solving real-life problems (NRC, 2012). Therefore, LPs 
represent complex cognitive frameworks that combine 
elements of content (disciplinary core ideas and cross-
cutting concepts, NRC 2012) and practice and focus on 
describing complex understanding necessary to make 
sense of complex phenomena and solve challenging 
problems.

Specific challenges are associated with implement-
ing an LP-based education vision focused on develop-
ing competencies. Specifically, LPs are hypothetical in 
nature and require validity evidence to be used in prac-
tice. Typically, validating an LP requires developing a 
hypothetical LP for a construct, designing assessments 
capable of probing LP levels, and collecting and analyzing 
response data to ensure that theoretically suggested LP 

levels are supported in practice. However, it is challeng-
ing to measure student progress along the LP describing 
complex constructs using only multiple-choice (MC) or 
closed-form items (Krajcik, 2021). This is because meas-
uring proficiency on complex constructs described by 
a LP requires aligned assessments that enable students 
to apply their content understanding when using scien-
tific practices at different levels of sophistication. This 
approach measures proficiency along an LP as reflected 
in level-specific competencies demonstrated by students. 
This proficiency is complex and measuring it requires 
students to respond to complex scenarios to demonstrate 
their ability to apply their understanding (Krajcik, 2021; 
National Research Council [NRC], 2014).

The assessments capable of capturing proficiency 
associated with knowledge application are called per-
formance assessments. In contrast to content-focused 
assessments, performance assessments require students 
to use scientific practices while applying relevant sci-
entific ideas to explain phenomena and solve novel and 
complex problems. The examples of practices include 
developing explanations using evidence and scientific 
reasoning, constructing models that provide mechanisms 
for phenomena, and making arguments supported by 
evidence (NRC, 2014). Measuring proficiency focused 
on knowledge application can be achieved using differ-
ent assessment formats, including MC and constructed 
response (CR). For example, the facet and construct-
centered approaches to MC item design are informed 
by a model relating student selection of “distractors” on 
items as reflecting a particular form of understanding 
(Wind et al., 2019). However, such items do not provide 
teachers with information regarding students’ reason-
ing, a critical aspect of knowledge application reflected 
in the ability to go beyond simply recalling information. 
Therefore, measuring proficiency focused on knowledge 
application could be done using MC, but most MC items 
do not do so. CR assessments, like constructing explana-
tions with evidence and reasoning and developing mod-
els, provide rich information and require learners to use 
scientific reasoning. However, since students produce the 
responses, they have been time-consuming and expen-
sive to evaluate and provide feedback for (Krajcik, 2021). 
Relatedly, implementing a LP-based vision of education 
in practice requires that students have learning oppor-
tunities to meaningfully engage with the content under 
study, which, in turn, requires that teachers and students 
receive timely LP-aligned feedback about student per-
formance. Obtaining timely feedback in practice is time-
consuming due to a similar reason—the requirement to 
quickly and efficiently evaluate student performance on 
various assessments with respect to LP levels. This task is 
even more challenging when aiming to achieve equitable 
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learning outcomes because we need to ensure that the LP 
and the LP-aligned feedback accounts for the diversity of 
ways of thinking about a scientific idea at various profi-
ciency levels. Meaningful evaluation of the diversity of 
student thinking at all LP levels and timely and appropri-
ate feedback that incorporates this diversity to learners 
and teachers can help create valuable learning opportu-
nities and promote improved learning outcomes among 
diverse student populations.

Artificial intelligence (AI), such as natural language 
processing (NLP) and machine learning (ML), has been 
implemented in a variety of educational contexts for 
scoring CR performance assessments (Litman, 2016). 
Prior to the release of GAI technology, such as ChatGPT, 
one primary use of AI in education was   as an assess-
ment evaluation tool, for example, to speed up or scale 
the scoring of CR items (Chiu et al., 2022; Wilson et al., 
2023). With the emergence of GAI, new possibilities for 
using AI to assist in the design and implementation of 
LP-based learning environments emerge. We argue that 
employing AI approaches represents a promising way 
for efficient LP validation and implementation of LP-
based vision into practice more broadly. Validated LPs 
coupled with the capabilities of AI, in turn, can inform 
curriculum, instruction, and assessment development. 
Currently, no complete examples exist that illustrate the 
use of AI to validate and implement LPs in practice. We 
further describe the challenges and promises of using 

AI (both supervised and unsupervised ML as well as 
NLP and GAI such as GPT) for LP validation and use in 
classrooms to facilitate a shift towards an education sys-
tem focused on fostering knowledge application. We will 
discuss potential research avenues in this direction and 
describe examples of current projects that aim to achieve 
this vision.

Challenges of designing and validating LP‑based learning 
systems that support the development of knowledge 
application ability
Using validated LPs as roadmaps for building learning 
systems that support knowledge application represents a 
promising way of implementing the new vision of science 
education (Brown & Wilson, 2011; NRC, 2014, 2012). 
Figure 2 is a modification of Fig. 1 and shows the differ-
ent stages of implementing LP-based vision into practice, 
starting with the development and validation of LPs and 
associated assessments, (1) followed by evaluation of stu-
dent progress of the assessments with respect to the LP 
levels (2), providing timely and meaningful LP-aligned 
feedback to students and teachers (3), and fostering 
meaningful outcomes based on the feedback (4). These 
stages reflect general practical steps of LP-based educa-
tion and represent critical time and resource-consuming 
stages of implementing the LP-based vision of education 
into practice. We propose that each of these stages can 
be streamlined with AI, therefore, making the LP-based 

Fig. 2  Stages of implementing LP-based vision of education into practice. We propose that each of these stages can be streamlined with AI
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vision of education closer to reality. In this section, we 
discuss common challenges associated with each of these 
stages. In the following section, we discuss the challenges 
and promises of streamlining these steps and addressing 
the noted issues using AI.

Stage 1: developing and validating LPs and associated 
assessments
The degree to which an LP can be used to support curric-
ulum, instruction, and assessment depends on the availa-
ble validity evidence for the LP. The overarching approach 
to LP validation is grounded in the vision outlined in 
the Standards of Psychological and Educational Test-
ing (Eignor, 2013; Messick, 1980), which refers to valid-
ity as appropriateness, meaningfulness, and usefulness 
of specific inferences from test scores. In the context of 
LP validation, test scores refer to student performance on 
an assessment designed to probe various LP levels. These 
standards further say that test validation is a process of 
accumulating evidence to support the inferences. The 
most common type of validity evidence for LP pertains 
to construct validity, reflected in evaluating the degree to 
which student responses on the assessments designed to 
probe LP levels fall into the hypothetical LP levels. Accu-
mulating such evidence is an iterative process. At each 
stage, evidence is collected to inform further refinement 
of the LP levels, revision of the associated assessments, 
and inform curriculum and instruction as needed.

LP validation studies focusing on construct validity 
can generally be divided into three stages: (1) develop-
ing a hypothetical LP grounded in a review of relevant 
literature (no assessment instrument or associated cur-
riculum) (e.g., Duncan et  al., 2009; Smith et  al., 2006); 
(2) using an existing hypothetical LP and corresponding 
assessment tasks to investigate how well existing cur-
riculum supports student learning along the progression 
(includes associated assessment instrument but does not 
have LP-aligned curriculum) (e.g., Herrmann-Abell & 
DeBoer, 2018; Mohan et al., 2009); (3) using a previously 
developed hypothetical LP with LP-aligned assessment 
tasks and curriculum to investigate how well the curricu-
lum supports student learning along the LP levels (e.g., 
Lehrer & Schauble, 2000; Songer et al., 2009).

An added challenge for the validation of LPs that 
describe knowledge application is the complexity of the 
underlying constructs. Specifically, constructs describing 
knowledge application ability combine elements of con-
tent and practice. Validating LPs for such complex con-
structs calls for obtaining evidence of students’ abilities 
to integrate relevant disciplinary knowledge and scien-
tific practices when explaining phenomena and solving 
novel problems (Kaldaras et  al., 2021a, 2021b, 2023; 
NRC, 2012). Approaches to developing and obtaining 

construct validity for LPs describing complex constructs 
(Gunckel et al., 2022; Kaldaras et al., 2021a, 2021b; Scott 
et al., 2022) and for designing performance assessments 
measuring complex constructs (Harris et al., 2019; Mis-
levy & Haertel, 2006; San Pedro et  al., 2014) have been 
detailed elsewhere. In previous validation studies, CR 
performance assessments and interviews (Gunckel et al., 
2022; Kaldaras et  al., 2021a, 2021b, 2023; Scott et  al., 
2022) were used to gain insight into student ability to 
integrate elements of content and practice and dem-
onstrate knowledge application. One of the challenges 
for construct validation of these LPs is developing valid 
assessments capable of measuring complex constructs 
along the LP levels (Kaldaras & Krajcik, 2024). For exam-
ple, recently, several studies focused on developing and 
validating LPs aligned to the Next Generation Science 
Standards (NGSS) (Kaldaras, 2020; Kaldaras et al., 2021a, 
2023). For example, Kaldaras et al. (2021a) described the 
development and validation of NGSS-aligned LP for elec-
trical interactions. They demonstrated how the validated 
LP can be used to accurately place individual students 
on an LP level with a high degree of precision. A similar 
study was conducted for the construct of chemical bond-
ing (Kaldaras et al., 2023).

The challenge of developing and validating knowl-
edge-in-use LPs lies in the need to carefully describe 
increasingly sophisticated ways of integrating relevant 
disciplinary knowledge with scientific practices and other 
important skills when applicable. For example, in the 
context of NGSS, validating LPs calls for carefully speci-
fying increasingly sophisticated ways of integrating the 
three dimensions of scientific knowledge—disciplinary 
core ideas (DCIs), scientific and engineering practices 
(SEPs), and crosscutting concepts (CCCs)—at varying 
levels of sophistication, and design assessment instru-
ments capable of probing the levels of such an LP with 
a high degree of accuracy and precision. As described 
above, assessments that probe levels of such an LP would 
require students to engage in relevant scientific prac-
tices and demonstrate the ability to apply science con-
tent (DCIs and CCCs) to explain phenomena. This often 
calls for CR assessments. In this context, CR assessments 
refer to a range of response types that reflect student abil-
ity to integrate relevant disciplinary knowledge (DCIs 
and CCCs) and practices, which is indicative of complex 
reasoning. For example, if a given assessment measures 
students’ ability to develop scientific explanations of rel-
evant phenomena using underlying big ideas in science, 
a CR response would reflect a short text-based response 
demonstrating students using relevant disciplinary 
knowledge to develop a causal scientific explanation of 
the phenomenon in question. CR scientific explanations 
represent one of the most common types of responses 
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previously studied to be evaluated with AI (e.g., 2022b; 
Kaldaras et  al., 2022a; Wilson et  al., 2024). Yet another 
fundamentally different CR response type reflects scien-
tific models that call for learners to develop representa-
tions (e.g., drawings) that explain phenomena as opposed 
to text-based CRs that can be used to evaluate scientific 
practices of developing explanations and arguing from 
evidence. Recent efforts have begun to investigate apply-
ing AI to evaluate modeling CRs (e.g., Kaldaras et  al., 
2024a, 2024b, 2024c; Sagherian et al., 2022).

Considering the time and resources it takes to develop, 
validate, and evaluate student performance on these 
assessments with respect to LP levels, the LP valida-
tion becomes an incredibly resource and time-consum-
ing process. The same challenges apply to developing 
and validating LPs describing complex constructs that 
combine elements of disciplinary knowledge and prac-
tice beyond NGSS-related topics (e.g., Kaldaras & Wie-
man, 2023a, 2023b). However, effectively supporting the 
development of knowledge application ability becomes 
challenging if we lack validated LPs that can guide how 
students develop proficiency in complex constructs. We 
posit that AI can help streamline LP development and 
validation, including quick and efficient evaluation of 
information provided by these LP-aligned assessments 
and identifying response patterns that can serve as evi-
dence for LPs.

Stage 2: analyzing student performance with respect to LP 
levels
Evaluating information from LP-aligned performance 
assessments gives rise to several issues stemming from 
student understanding being context-dependent and 
complex (Alonso & Elby, 2019; Hammer & Sikorsky, 
2015; Sikorsky, 2019). Specifically, understanding does 
not necessarily progress linearly and cannot always be 
described by a singular LP path. Each learner brings their 
own unique experiences and knowledge, and therefore, 
all start at different levels of understanding, which makes 
it challenging to define a lower anchor of an LP. Similarly, 
a clear-cut definition of an upper anchor remains a chal-
lenge (Sikorsky, 2019). Further, as students participate in 
learning, their understanding still depends on specific 
learning and instructional strategies they experience, as 
well as prior experiences. This gives rise to what is termed 
in the literature as the “messy middle” of an LP (Alonso & 
Elby, 2014; Hammer & Sikorsky, 2015). The “messy mid-
dle” reflects various ways students can learn and apply a 
given construct, and that cannot necessarily be arranged 
neatly in increasing sophistication (Alonso & Steedle, 
2009; Shavelson & Kurpius, 2012; Sikorsky, 2019).

The issue of the “messy middle” is likely even more 
significant for describing complex constructs since such 

constructs combine elements of disciplinary knowl-
edge, as well as various aspects of scientific practices, 
CCCs and other skills (Gorin & Mislevy, 2013; Kaldaras, 
et  al., 2021b). For example, applying the disciplinary 
ideas related to electrical interactions when developing 
scientific models of phenomena could look very differ-
ent depending on the specific context (e.g., ionic forces 
in chemistry versus point charge in the electric field in 
physics). Even within the same assessment scenario, 
students can demonstrate their understanding in many 
ways (Alonso & Steedle, 2009; Kaldaras et  al., 2023). 
Making sense of these differences in student reasoning 
with the same disciplinary ideas and practices and how 
they relate to LP levels (if at all) is critical for obtaining 
construct validity evidence for the LP. Evaluating a suf-
ficiently large number of diverse student responses to 
LP-aligned assessments is critical for building a compel-
ling validity argument that accounts for the diversity of 
student thinking at all levels of sophistication. Achieving 
this in practice is time and resource consuming. Lever-
aging AI technology such as unsupervised ML can help 
identify various specific patterns in student thinking, 
evaluate those patterns with respect to LP levels, and 
offer strategies for revising LP level descriptions during 
the iterative validation cycle to account for the diversity 
of thinking patterns. GAI can also identify relevant pat-
terns and provide an initial description of the categories 
under which these patterns fall. A recent study by Kal-
daras and colleagues described leveraging GAI to iden-
tify patterns in student responses to develop rubrics for 
LP-aligned assessments (Kaldaras, et al., 2024). However, 
similar approaches can be used at the LP validation stage, 
as discussed here as well.

Streamlining this process by leveraging AI can poten-
tially offer a meaningful way of tackling the issue of the 
“messy middle” by providing a quick way to identify pat-
terns that do not align well with LP and streamline the 
validation process by either informing LP revision or 
finding alternative ways of dealing with atypical patterns 
if they cannot be meaningfully incorporated into the LP. 
If such patterns are identified, this does not diminish the 
value of the LP but instead provides additional insights 
on how student understanding develops and evolves 
based on prior knowledge and experiences, which will 
help adapt the learning process to the needs of individual 
diverse learners and create more equitable learning envi-
ronments as a result.

Stages 3 and 4: providing LP‑aligned feedback 
and supporting positive learning outcomes based 
on the feedback
The discussion so far has been focused on the con-
struct validity of LPs. However, to successfully use LPs 
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in practice, validity evidence should be obtained on 
how well an LP supports its intended use. This validity 
is termed consequential validity (Alonso & Elby, 2019). 
Demonstrating consequential validity requires formulat-
ing a theory of action aimed at teachers that outlines the 
ways an LP should be used, accompanied by evidence, 
demonstrating that the LP promotes learning when used 
in those ways (Alonso & Elby, 2019). We believe that AI 
approaches can demonstrate consequential validity and 
support using LPs in practice. We further discuss using 
AI approaches for tackling issues pertaining to construct 
and consequential validity and describe potential chal-
lenges associated with using AI for these purposes.

Implementing LP‑based vision using AI approaches: 
promises and challenges
We now discuss leveraging AI to tackle the challenges of 
implementing an LP-based vision of science education in 
practice, as discussed above. We will specifically focus on 
discussing promises and challenges of using AI at each 
stage shown in Fig. 2.

Stage 1: leveraging AI for developing and validating LPs 
and associated assessments
Promises
As mentioned above, at the initial stage of LP validation 
(construct validation), research focuses on developing a 
hypothetical LP typically grounded in relevant literature, 
conversation with educational and disciplinary experts, 
and an overview of the available research. There are very 
few hypothetical LPs that describe complex constructs 
describing knowledge application available in the lit-
erature. A central challenge in formulating these hypo-
thetical LPs is recognizing distinctly different ways that 
students can reason with a construct, accounting for 
the diversity of student thinking at each level of sophis-
tication and determining the order of sophistication for 
those various reasoning patterns if such an order exists. 
Traditionally, this is achieved by researchers spending 
considerable time and resources studying available infor-
mation to identify such patterns and orderings. With the 
emergence of AI technology, this process can be stream-
lined using a computational grounded theory approach 
(Nelson, 2020). Such a framework utilizes a strength 
of AI techniques to identify patterns in large datasets. 
These patterns are then subsequently refined and con-
firmed by experts. Specifically, some studies have used AI 
approaches such as ML or learning analytics, to identify 
patterns in the available data (Berland et al., 2013; Gob-
ert et al., 2013). GAI could also offer important insights 
into the types of reasoning and skills and their order for 
the initial development of an LP. Researchers can evalu-
ate the emergent patterns and their importance in terms 

of pedagogy and/or student learning. Moreover, in cases 
when a sufficiently diverse data training set is not avail-
able to capture a wide range of diverse student responses 
reflecting varying levels of sophistication in a given 
construct, GAI can be leveraged to generate responses 
reflecting additional diversity. For example, a recent study 
by Martin and Graulich (2024) shows that combining 
authentic human-generated and GAI chatbot-generated 
responses yields the highest human–machine agreement 
across validation conditions in capturing student causal 
reasoning about the mechanism of chemical reactions.

Further, a more advanced stage of LP development for 
complex constructs relates to developing performance 
assessments probing levels of the hypothetical LPs. 
When there are no available hypothetical LPs, one way 
to start developing an LP could be to use existing AAAS 
maps (Mccomas, 2014), NGSS strand maps (NGSS Lead 
States, 2013) or the NSTA Atlas of the Three Dimensions 
(Willard, 2020) that outline what students should be able 
to do to demonstrate proficiency in a construct. Such 
strand maps are often more readily available from prior 
work or more easily developed through analyzing a con-
tent domain. Performance assessments aligned to these 
maps can further be developed to measure student profi-
ciency in a domain with subsequent use of AI approaches 
for identifying patterns in student reasoning. In cases 
where specific relevant performance standards are not 
readily available, one could leverage GAI to identify pat-
terns across various standards potentially relevant to a 
given topic and use these patterns to develop new stand-
ards for the topic of interest. For example, a recent study 
developed a GAI-based approach that guides alignment 
among the various standards by reducing the number of 
potential pairs subject matter experts need to consider 
when aligning the standards to only those that should be 
considered due to high semantic overlap (Butterfuss & 
Doran, 2024).

Further, pattern recognition at the initial stages of LP 
development can be achieved by using unsupervised or 
semi-supervised machine learning (ML) following a com-
putational grounded theory approach (Nelson, 2020). 
Unsupervised ML attempts to find patterns and asso-
ciations in data and does not require previously labeled 
data (Kotsiantis, 2007), which is often unavailable at the 
initial stages of LP development. Semi-supervised ML 
attempts to find patterns in partially coded data (Kotsi-
antis, 2007). These approaches can find large-scale pat-
terns in the available data, potentially shortening the 
development time of LPs by helping researchers identify 
common ways students think about topics and produce 
frameworks or coding rubrics based on patterns in the 
data. Recent work has employed unsupervised ML along 
with qualitative analysis and pattern finding during the 
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development of a construct map for students’ model-
based explanations (Rosenberg & Krist, 2020). Other 
studies have used common unsupervised ML techniques, 
like data clustering or NLP, to provide some validity for 
qualitative coding (Sherin, 2013) or as part of a mixed 
methods approach to develop better ML predictive mod-
els (Sripathi et  al., 2023; Tschisgale et  al., 2023; Wiley 
et al., 2017) or to identify patterns or themes within text 
(Chang et  al., 2021). Additionally, recent studies on ini-
tial LP validation for complex constructs focused on 
identifying relevant response patterns either based on 
written student responses or interviews (Gunckel et  al., 
2022; Scott et al., 2022). In these studies, such analysis is 
done by researchers and requires a significant amount of 
time and resources. Trained GAI systems can also recog-
nize relevant patterns in student response data and help 
develop the progression of student understanding of a 
given construct. For example, similar studies on leverag-
ing GAI to develop a progression have been conducted 
in medicine to determine progression for various types 
of cancer treatment (Zaballa, Pérez, Inhiesto, Ayesta, & 
Lozano, 2023). Further, unsupervised ML and NLP could 
potentially assist this process by providing quick pat-
tern identification, which researchers analyze for their 
relevance for LP validation. In a recent study using such 
an approach and leveraging recent approaches to deep 
learning, Martin and colleagues (2023) identified dozens 
of response clusters in college student writing in chem-
istry. These identified patterns were interpretable and 
linked to frameworks related to reasoning and granular-
ity to explain the complexity of the response. This rep-
resents an application of AI during the process of LP 
development, where AI outputs are used to assist the 
development instead of only being used as an endpoint of 
assessment (Kubsch, et al., 2022).

Since the initial early stages of LP development do 
not have associated aligned assessment and curriculum 
materials that afford greater coherence in student think-
ing, student reasoning patterns can be highly diverse, 
making it challenging to identify the relevant patterns, 
including the “messy middle.” Research could use NLP, 
unsupervised ML, and GAI as a helpful starting point 
for identifying reasoning patterns from a more sig-
nificant number of responses to various performance 
assessments. While unsupervised ML might not provide 
“the solution” to the “messy middle” and the diversity of 
student thinking, it may offer approaches to help better 
understand the “messy middle.” For example, results from 
this approach may identify multiple, distinct ways of rea-
soning used by sub-groups of students who would be 
characterized within the “messy middle”, thus providing 
a different grain size to begin to unpack student reason-
ing and learning. Similarly, if identified patterns over the 

entire LP do not seem to support an increasingly sophis-
ticated pathway, this suggests that a construct might not 
be described by a linear LP (Alonso & Elby, 2019). The 
identified patterns, however, could offer insights into 
other possible, non-linear ways of characterizing profi-
ciency in a construct, thereby making the development of 
a cognition model for that construct more plausible. For 
example, no LP-based cognition model currently exists 
for the complex construct of problem-solving (Adams & 
Wieman, 2015; Price et al., 2022), and it is unlikely that 
a linear LP framework cannot meaningfully describe this 
construct. However, sufficient literature exists on differ-
ent ways students engage in problem-solving tasks across 
various disciplines (Burkholder et  al., 2020, 2021). AI 
can analyze this literature to identify distinct patterns of 
engaging in problem-solving practice in various contexts. 
These findings can further be leveraged to guide the 
design of learning environments for supporting students 
in developing problem-solving abilities. Alternatively, 
these findings could be leveraged to build LPs for vari-
ous content ideas focused on describing problem-solv-
ing proficiency in applying specific content ideas, which 
could guide learning.

In the context of LP validation for complex constructs, 
AI could help obtain validity evidence that would dis-
tinguish between different but closely related finer-
grained LPs. Using the example from above, validating 
an LP describing students’ ability to combine disciplinary 
knowledge related to electrical interactions with differ-
ent scientific practices such as modeling, constructing 
explanations, or arguing from evidence could lead to 
three different LPs. All those LPs would be related and 
some combinations might be indistinguishable in pro-
ficiency levels. AI approaches offer a quick way to score 
the associated performance assessments. Once the scores 
are available, they can easily be used in subsequent analy-
sis to deduce how related the LPs are and whether they 
are specific enough to assign levels to individual students 
with a high degree of accuracy. This information is desir-
able at later stages of LP validation to ensure that an LP 
can be easily used to inform topic-specific instruction, 
curriculum, and assessment strategies.

Challenges
Despite promising advances, using unsupervised ML or 
GAI for initial LP development and validation poses par-
ticular challenges. Specifically, in unsupervised or semi-
supervised ML, the machine is set to find patterns or 
derive the logic from a pool of uncoded or partially coded 
data (Gobert et  al., 2015). These present validity chal-
lenges since there are no or few human-assigned codes 
to compare. Instead, the researchers must qualitatively 
analyze the groupings and predictions to determine if the 
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predicted patterns align with constructs of interest (Mar-
tin et  al., 2023). Further, even when unsupervised ML 
predictions are accurate or relevant, it is not always obvi-
ous what logic or features in the algorithms contribute to 
the machine predictions. That is, we still are unsure that 
those predictions are due to applying logic or identifying 
critical features in the same way as a human scorer (Yang 
et  al., 2002). This presents a serious issue for the valid-
ity of the resulting scores or classifications and should be 
considered if using semi-supervised or unsupervised ML 
at the early stages of LP development to ensure construct 
validity. Similarly, when GAI, it is important to train the 
algorithm to use relevant criteria for a construct when 
identifying patterns (Kaldaras, et  al., 2024). One could 
think of this process as training an apprentice to ensure 
that they use commonly accepted criteria to carry out the 
task at hand. The training process should be transparent 
and verifiable such that we can put trust into the result-
ing identified patterns and their relevance for the LP of 
interest.

Stage 2: analyzing student performance with respect to LP 
levels
Promises
This stage involves researchers using a set of assessment 
items that probe various LP levels, well-defined scoring 
rubrics aligned to the LP levels and possibly more infor-
mation on context-dependency and diversity of student 
reasoning. In the context of LPs and assessments meas-
uring knowledge application ability, CR assessments are 
often used. When scoring LP-aligned CR performance 
assessments, student responses can be automatically 
scored using NLP, supervised ML, or GAI. The super-
vised ML approach requires students’ responses to 
assessment items with codes or scores, aligned to vari-
ous science ideas in the LP, assigned by expert raters. 
The labeled data is used to train the ML program to rec-
ognize these ideas and subsequently serve as an auto-
matic scoring method that does not require a human 
scorer after the program has achieved a sufficient level 
of human–machine agreement. This approach is referred 
to as supervised machine learning because it requires a 
training set to be supplied to the program initially, and 
it has been widely used to predict student CR scores and 
forms the basis of many automatic scoring approaches. 
There are both technological, design-based, and validity 
challenges associated with using AI to evaluate student 
performance with respect to LP. All three will be further 
discussed below.

Technological challenges
In the case of supervised ML, the technological chal-
lenge is that supervised ML model development is 

initially time-consuming because it needs a large sample 
of responses to be labeled for training (typically, about 
1000 responses per item). Since responses are item-spe-
cific, one ML model usually fits only one item, and items 
and, therefore, models are not easily modifiable, which 
hinders their use for other contexts. The need for large 
amounts of labeled data could be partially addressed by 
employing unsupervised ML or GAI at the early stages 
of LP development to identify possible relevant pat-
terns. However, the automatic scoring of more assess-
ments to diagnose student performances or improve 
AI model accuracy at specific LP levels will eventually 
require a large amount of labeled data for training pur-
poses. This challenge is especially considerable for scor-
ing performance assessments that measure different 
but closely related constructs, such as those described 
above. Given the time required to develop supervised 
ML-based models and their rigid nature, it might be chal-
lenging to use these methods for LP validation for a large 
range of complex constructs. Recent studies in applying 
deep (machine) learning commonly used in GAI such 
as large language models, transformers, and neural net-
works, have provided possibilities for addressing these 
challenges (Sung et al., 2021; Wulff et al., 2023). Specifi-
cally, these approaches utilize a common “base” model or 
library for ML, and then the model is “tuned” to the spe-
cific application (or assessment construct). This repre-
sents an avenue of future research to test if such AI-based 
approaches are more generalizable to these educational 
contexts and examine if these approaches reduce the ini-
tial effort of ML model development.

The emergence of GAI offers a promising way of scor-
ing LP-aligned assessments by directly training a GAI 
algorithm to use the rubric to score a wide range of stu-
dent responses without the need for previously labeled 
data sets. For example, preliminary results on using GPT-
based AI models to score NGSS LP-aligned assessments 
when provided the rubric show promise. However, as 
mentioned above, it is important to ensure the validity 
of the resulting AI-based scores. A possible way of build-
ing the validity argument could be holding AI algorithms 
to the same standards one would hold human scorers, 
including testing and re-testing reliability with multiple 
data sets to ensure that the AI-based scores are consist-
ently reliable and bias-free across time and multiple data 
sets (Kaldaras, et al., 2024). Further, additional studies are 
needed to investigate ways to train GAI models to evalu-
ate student responses beyond specific LP-aligned items. 
A promising future research avenue should focus on lev-
eraging LPs as a basis for prompt generation to develop 
generalizable GAI models capable of evaluating student 
performance with respect to LP levels over a wide range 
of LP-aligned tasks.
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Design‑based challenges
Designed-based challenges of using AI scores for LP 
validation are numerous. First, a key design challenge is 
developing rubrics for AI scoring that can lead to high 
human–computer agreement and preserve the per-
formance nature and purpose of tasks simultaneously. 
Specifically, most LP-aligned performance assessments 
represent scenario-based tasks and are usually scored 
holistically directly into an LP level (Jescovitch et  al., 
2021; Kaldaras et al., 2021a). These holistic rubrics usu-
ally represent polytomous scales with each scoring 
level being mutually exclusive to others and capturing a 
unique set of characteristics related to the complex con-
struct described by the LP (Jescovitch et  al., 2021). In 
contrast, some approaches to automatic scoring short, 
content-based CRs commonly use analytic rubrics (Liu 
et  al., 2014; Moharreri et  al., 2014; Sieke et  al., 2019). 
Analytic rubrics are a series of binary rubrics that iden-
tify the presence or absence of specific construct-relevant 
ideas within responses.

A key factor in choosing either a holistic or analytic 
coding approach is human inter-rater reliability (IRR), 
which indicates the level of agreement across multi-
ple human scorers. Analytic coding has been shown 
to reduce coding complexity for humans and poten-
tially lead to better ML model performance (Jescovitch 
et  al., 2019; Wang et  al., 2021). However, both holistic 
(Anderson et al., 2018; Prevost et al., 2016) and analytic 
approaches (Haudek et al., 2012; Sieke et al., 2019) have 
been used to yield well-functioning ML models for short 
CR items.

Prior studies comparing analytic and holistic 
approaches to human coding for LP-aligned assess-
ments found that analytically coded responses showed 
equal or better ML model performance as compared to 
holistic scores (Jescovitch et  al., 2021). Another study 
showed that analytic rubrics deconstructed from holis-
tic rubrics demonstrated moderate to a high human–
computer agreement when recombined at the holistic 
level (Mao et al., 2018). In previous work to validate LP-
aligned CR assessments of scientific argumentation (Wil-
son et al., 2024), the researchers found it challenging to 
achieve high IRR between human scorers using holistic 
rubrics, especially at higher LP levels. Therefore, to sim-
plify the coding task, analytic rubrics were developed 
that focused on dichotomous argumentation element 
scoring, which led to better IRR between human cod-
ers. However, analytic scores were not meaningful for 
assigning responses to LP levels. The researchers then 
decided to recombine the analytic scores to yield a single 
holistic score, aligned to an LP level, for each response 
on an item. One caveat of this approach is that analytic 
rubrics should be designed to avoid scoring content and 

practices separately since relevant practices and con-
tent develop together (Kaldaras et  al., 2022b). This will 
ensure that the performance nature of the assessments 
is preserved and that ML algorithms produce meaning-
ful and valid scores in the context of relevant LPs. From 
that perspective, recent studies demonstrated a process 
for designing analytic rubrics that preserve the 3D nature 
of NGSS LP-aligned assessments (Kaldaras et al., 2022b, 
2024). Another recent study also found that meaning-
fully designed analytics rubrics made it easier to diagnose 
the nature of the inaccurate scores on LP-aligned assess-
ments, therefore contributing to improved validity of the 
resulting ML-based scores (Kaldaras & Haudek, 2022a). 
The second design-based challenge relates to the discus-
sion of unsupervised ML. It relates to ensuring the valid-
ity of AI scores with respect to the construct of interest. 
In the context of supervised ML, we need to ensure 
that the validity argument goes beyond developing ana-
lytic scoring rubrics that yield good human–machine 
agreement as the sole indicator of construct validity. It 
is important to ensure that the resulting ML scores in 
each rubric category reflect the same aspects of the LP 
as intended by the assessment developers and the trained 
human scorers.

Validity challenges
Traditionally, performance metrics of how closely the 
machine scores match the human scores provide validity 
evidence for the automated scoring process (Williamson 
et al. 2012), and often, once the ML scoring models meet 
acceptable benchmarks, the ML model is used to score 
any number of new responses. In the context of validating 
LP-aligned performance assessments, this is not enough 
to ensure the validity of the automatic scores. Rather, 
the researchers need to demonstrate that an assessment 
probes the targeted LP levels and that the machine is 
scoring the same aspects of the LPs as intended by the 
assessment developers and the human scorers. For exam-
ple, employing latent variable modeling to compare true 
scores for human and machine generated scores would 
provide additional validity evidence for the correspond-
ence between human and ML-based scores beyond 
observed scores (Kaldaras & Haudek, 2022a).

Further, even if the validity of ML-based scores in rela-
tion to LP levels has been demonstrated, it is important 
to ensure that scores for individual students are accurate 
and reliable. This will allow for accurate LP-level place-
ment of each student, opening numerous possibilities for 
using LPs to guide instruction and inform the develop-
ment of automatic assessment systems for formative and 
summative uses. Depending on the assessment purpose, 
the automatic assessment systems can produce automatic 
and LP-aligned feedback targeted at individual students, 
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teachers, or administrators. A more detailed discussion 
of assessment validity in the context of GAI-based assess-
ments has been previously published (Kaldaras et  al., 
2024).

Stage 3: providing LP‑aligned feedback
Promises and challenges of leveraging AI
One of the central values of LP-based instruction stems 
from the potential of LPs to adjust the learning process 
to the needs of individual diverse learners by providing 
targeted and cognitively appropriate LP-aligned feed-
back. That feedback, of course, is only helpful if it is pro-
vided in a timely fashion to all the stakeholders, including 
individual students and teachers. Research has been 
conducted using automatic ML-based feedback systems 
focusing on supporting students in developing written 
explanations and arguments in science (Lee et al., 2019; 
Nakamura, et al, 2016; Zhu et al., 2017), science inquiry 
(Gobert et  al., 2013) and interacting with simulations 
coupled with CR assessments (Kaldaras et  al., 2024a, 
2024b, 2024c; Lee et al., 2021). These and other studies’ 
results indicate that automatic scoring systems can be 
implemented as part of formative assessment and that 
students’ ability to construct scientific arguments can 
improve when receiving automatic feedback (Lee et  al., 
2019; Zhu et al., 2017). These studies show the promise 
of using ML-based automatic feedback systems to evalu-
ate large numbers of responses quickly and thereby help 
many students develop higher proficiency levels on LP-
aligned constructs. However, more work needs to be 
done on designing automatic feedback systems aligned 
to LPs describing complex constructs. The automatic 
feedback aligned to these LPs should be focused on the 
underlying cognition model (i.e., specific to both content 
and practice) and ensure that individual students receive 
feedback tailored to the ideas that require elaboration or 
are missing from their answers. Moreover, it is important 
to research the type of LP-aligned cognitive feedback that 
diverse learners find useful under various learning cir-
cumstances for attaining higher LP levels.

One example of a project aiming to implement a com-
plex construct LP-based vision of learning in practice 
focuses on designing a supervised ML-based automatic 
scoring system that would provide immediate NGSS LP-
aligned feedback to individual students on their scientific 
models and evidence-based explanations (He et al., 2024; 
Kaldaras et al., 2024). In this project, we aim to leverage 
previously validated NGSS-aligned LP and the associated 
constructed response items and provide students with 
opportunities to revise their models and explanations 
during the 1-year curriculum following targeted LP-
aligned feedback. The project aims to test the usefulness 
of this system in helping diverse learners attain higher 

LP levels as a result of the personalized supervised ML-
base automatic feedback on their scientific models and 
explanations. One of the central challenges in this pro-
ject is to design useful and actionable feedback for indi-
vidual learners such that they are more likely to revise 
their responses by incorporating the feedback rather 
than remain with their initial ideas. We believe the key 
to designing such feedback starts with the items and the 
LP itself. Specifically, it is important to ensure that the 
LP levels are described as clear and specific performance 
expectations that reflect how students demonstrate their 
understanding at a given level. Next, the items should 
discriminate when measuring student performance with 
respect to each level. Assuming the LP and the associ-
ated assessments exhibit these properties, it is possible 
to design feedback statements that would target specific 
ideas and reasoning that students struggle with.

We have designed useful and actionable feedback state-
ments that we plan to pilot with students to further study 
the types of approaches to feedback design that learn-
ers would find most helpful in revising their work. This 
is also an important research avenue for the intersec-
tion of supervised and GAI use in the future. Specifically, 
our research shows less diversity in student responses at 
higher LP levels. Supervised ML approaches are effective 
in both scoring and providing pre-defined feedback to 
these responses. At lower LP levels, however, it becomes 
more challenging to reliably score student responses as 
they exhibit a wide range of ways of thinking. GAI pro-
vides a promising way of scoring these responses. For 
example, recent work shows that instructors and students 
find GAI-generated feedback in the context of a Physics 
course useful and meaningful, although the items were 
not aligned to an LP (Wan & Chen, 2024). However, 
additional work is needed to evaluate the effectiveness 
of GAI-based feedback when students use non-standard 
language and terminology, which is often the case at 
lower LP levels. Further, the researchers need to conduct 
more work on investigating ways to train GAI to provide 
concise, meaningful, and actionable LP-aligned feedback. 
Preliminary findings indicate that the feedback provided 
by generative AI is usually long and does not directly 
address LP-related ideas in student responses. Develop-
ing strategies for training GAI to provide meaningful and 
actionable LP-aligned feedback is an important future 
research avenue.

Stage 4: supporting positive learning outcomes based 
on the feedback
Promises and challenges of leveraging AI
The final stage of using an LP focuses on designing asso-
ciated curriculum materials and professional devel-
opment programs focused on supporting students to 
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advance along the LP (Krajcik & Shin 2022). At this stage, 
it is important to ensure the consequential validity of 
the LP- that is, evaluating how well the LP supports stu-
dent learning (Alonso & Elby, 2019). To tackle this issue, 
the LP development process should involve formulating 
a theory of action that describes how the LP should be 
used (Alonso & Elby, 2019). This can be achieved by pro-
viding timely, targeted, and accurate feedback about stu-
dent progress to students and teachers. ML approaches 
can help achieve this by providing automatic feedback 
to both stakeholders. Student-facing feedback was dis-
cussed above. Teacher-facing feedback is also critical 
for transforming instruction and supporting students in 
moving up the LP levels. As a field, we know very little 
about how to provide meaningful and actionable teacher-
facing LP-aligned feedback to facilitate positive learn-
ing outcomes. Prior studies have shown that LP-aligned 
feedback improved teacher formative assessment prac-
tices and helped teachers attain a more nuanced sense of 
student understanding, which helped with revising activ-
ities and adjusting instruction (Zhai et al., 2018). Further, 
automated feedback helped teachers attend to students’ 
struggles with content and reasoning in a timely fashion 
(Gerard & Linn, 2016). LPs also help teachers develop 
actionable pathways for adjusting instruction (Alonzo & 
Elby, 2019).

The key challenges in developing LP-aligned teacher-
facing automatic feedback are ensuring that the feedback 
is specific to a student or group of students and that the 
teacher can immediately act upon the feedback. Further, 
the design of teacher-facing feedback should include 
curricular or instructional support that students need 
to progress toward higher LP levels. Teachers need sup-
port in understanding the results of automatic scoring 
systems and in using the automated LP-aligned feedback 
to inform their instruction. In the context of LP-aligned 
performance assessments, targeted professional learn-
ing programs are needed to improve assessment literacy 
among practitioners. Topics that require attention relate 
to current cognition theories, including the developmen-
tal nature of student understanding, situated cognition, 
and how these theoretical constructs relate to teaching 
in the context of LP-supported instruction. Further, in 
the project discussed above focusing on the design of an 
ML-driven NGSS LP-aligned automatic feedback system 
(Kaldaras et  al., 2024a, 2024b, 2024c), we have discov-
ered that professional learning (PL) focused on helping 
teachers understand the usefulness of an LP for driv-
ing instruction grounded in their student work is criti-
cal. Specifically, the PL sessions focus on sharing sample 
student responses to NGSS-aligned items and discuss-
ing how the LP framework can help move their students 
up the LP levels by adapting the curriculum is especially 

useful and helping teachers implement LP-based vision 
in practice. In the future, we will investigate how working 
with teachers on combining their knowledge of LP and 
AI feedback can help them guide and adapt their instruc-
tion. For example, recent research shows that combin-
ing instructor and GAI-generated feedback significantly 
enhances traditional teaching methods and results in 
more dynamic and responsive learning environments 
(Pahi et al., 2024). Investigating how to integrate human 
and GAI-provided feedback in the context of LP-based 
instruction, therefore represents a promising future 
research avenue.

Supporting multi‑modal LP‑aligned evaluation of student 
progress
Evaluating student performance under different modali-
ties is essential for creating equitable learning envi-
ronments. For example, supporting culturally and 
linguistically diverse students in building modeling 
skills provides an alternative mode of communicating 
their understanding, which is essential for equitable sci-
ence assessment and engagement (Grapin & Lee, 2022). 
Consequently, we need to work towards developing AI-
based models capable of evaluating student LP-aligned 
performance on multi-modal assessments. This calls for 
the need to go beyond text-based responses. Specifically, 
most of the work in automated scoring of STEM assess-
ments has focused on CR items requiring short text 
responses probing the practices of argumentation (Lee 
et al., 2019, 2021; Zhu et al., 2017), inquiry (Gobert, et al, 
2013; Linn et al., 2014) or constructing explanation (Kal-
daras, Yoshida, Haudek, 2022), all of which are grounded 
in student language. However, to transform science edu-
cation, automatic scoring approaches to a wide range 
of content and practices beyond text responses need 
development. For example, a central scientific practice 
that short text-based CR items cannot fully assess is sci-
entific modeling (Schwarz et  al., 2017). To demonstrate 
proficiency in scientific modeling, students usually need 
to develop (draw) a representation that provides a causal 
account of the phenomenon or a proposed solution to 
the problem. In this context, modeling closely relates to 
specific disciplinary content knowledge reflecting com-
plex constructs describing usable knowledge. While 
other aspects of the modeling practice are important 
(such as developing a mathematical representation of 
the observed phenomenon), in the context of ML-based 
image recognition, we focus on drawn models as they 
are explicitly emphasized as an important aspect of K-12 
learning (NRC, 2012).

Currently, there is limited research available on 
automated scoring of student models, although deep 
(machine) learning is used to make predictions on a 
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variety of data types (Kaldaras et al., 2024a, 2024b, 2024c; 
LeCun et al., 2015; Lee et al., 2023). The major challenge 
of the validity of machine scores also exists for the auto-
matic scoring of drawn models. In the context of auto-
mated scoring of models, special attention is needed to 
ensure that the machine scores reflect the modeling skills 
as opposed to the student’s ability to develop represen-
tations with artistic elements that don’t necessarily relate 
to the practice of modeling (Leong et  al., 2018). This 
issue could be addressed at several stages: both at the 
stage of the development and validation of a LP target-
ing the practice of modeling and at the stage of develop-
ing AI-based systems and validating ML-based scores. At 
the stage of developing and validating the LP, attention 
should be drawn to how learners demonstrate modeling 
proficiency in practice, what elements should be pre-
sent in student responses that would serve as evidence of 
proficiency in modeling, and not other unrelated skills. 
At the stage of AI model development, attention should 
be paid to examining AI-based scores to ensure that 
the score assignment is consistent for both simple and 
sophisticated representations of models at all LP levels. It 
is also important to ensure that the AI algorithm is evalu-
ating the same model components that a human scorer 
does when assigning a score (Sagherian et  al., 2022). 
This is a critical property of an AI model because it will 
help build a validity argument for the resulting AI-based 
scores.

Further, an even more complex case of multi-modality 
in the context of LP-aligned performance assessments 
relates to simultaneous evaluation and feedback on mul-
tiple modalities within the same assessment. An example 
of such assessment in the context of modeling would be 
asking students to develop a scientific model (e.g., draw-
ing) of the phenomenon in question and provide a writ-
ten explanation of their model. When evaluating such 
assessments, one would need to provide feedback on the 
representation and the written part of the task. Recent 
studies show that GAI-based model (GPT-4) is effec-
tive in recognizing multiple modalities across chemistry 
domains, including images, diagrams, hand-written cal-
culations, and text-based explanations to guide personal-
ized learning experiences for individual students (Alasadi 
& Baiz, 2024). These results show promise for potentially 
leveraging GAI to provide personalized feedback simul-
taneously on multiple modalities, therefore supporting 
students in developing multi-modal knowledge-in-use.

Social and ethical implications of using AI in education
With the promise of using AI in education comes the 
responsibility of ensuring that AI does not perpetuate 
educational inequalities and injustices often ingrained 
in datasets (however small or big) that are used to train 

AI algorithms for different purposes (Akgun & Krajcik, 
2024). In the context of using AI to help develop, validate, 
and implement LPs, it is essential to learn to recognize 
and minimize or eliminate the potential biases and valid-
ity threats at each of those stages. Barnes et  al. (2024) 
provide several possible tools to support the ethical use 
of AI over all stages of educational research endeavors. 
In using AI to guide LP-based instruction, it is essential 
to ensure that the diversity of ways of thinking and know-
ing is represented in samples used to train the AI models 
and recognized and accounted for at the stage of using 
AI to guide this process. Researchers should be mind-
ful of potential biases and how they can affect the learn-
ing experiences of students from various backgrounds. 
Future research should go beyond the issue of bias and 
tackle broader issues of assessment validity in the con-
text of using AI-based outcomes for various purposes 
in education (Kaldaras, Akaeze, Reckase, 2024). There is 
considerable research needed on designing and testing 
appropriate ways of validating AI-based information on 
student performance and beyond for various intended 
uses in education. Only once a compelling validation 
approach is in place and sufficient validity evidence is 
presented should an AI algorithm be deemed suitable for 
use in specific educational settings.

Furthermore, it is vital to ensure that the AI-driven 
LP-based instructional supports provided to teachers 
consider the context and provide a range of culturally 
appropriate suggestions for a student group. This calls 
for researchers to pay special attention to culturally rel-
evant information when training the AI. For example, 
Suresh et  al., (2021, June) discuss training AI to help 
guide equitable classroom discussions in mathemat-
ics classrooms. In the context of LP-drive discussion, 
accounting for diverse ways of thinking at the LP valida-
tion stage can help obtain more equitable and culturally 
relevant AI-guided outcomes. Further, combining human 
and AI-based guidance during the learning process could 
help improve equity and support learning opportunities 
among diverse student populations (Chine et  al., 2022, 
July). These and other research avenues should be fur-
ther explored to ensure equitable and culturally relevant 
implementation of AI-based LP learning systems.

Conclusion
This manuscript highlights how AI approaches can 
assist in developing, validating, and implementing a 
LP-based vision of education focused on supporting 
learners in developing proficiency in complex con-
structs combining elements of disciplinary knowledge 
and practice using performance-based CR assess-
ments. Employing unsupervised and semi-supervised 
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ML and GAI approaches during the early stages of LP 
development may help identify student response pat-
terns, which reflect how proficiency in a construct 
develops. Further employing supervised ML and GAI 
at later stages of LP development and LP-based stu-
dent response evaluation can streamline validation 
and evaluation of LP-aligned performance assessments 
aimed at diagnosing group and individual LP level 
placement with a high degree of accuracy. Similarly, AI 
holds promise for streamlining the process of deliver-
ing LP-aligned feedback to teachers and learners with 
the purpose of achieving positive learning outcomes 
and adjusting the learning process to the needs of indi-
vidual diverse learners. However, despite significant 
promise, there exist considerable challenges to using 
AI technology at all stages of LP development and use, 
specifically issues related to the heterogeneity of stu-
dent reasoning with complex constructs that combine 
elements and disciplinary knowledge and practices as 
well as validity and bias issues. GAI holds promise in 
alleviating some of the challenges of using supervised 
ML. We have discussed these points in detail and out-
lined future research avenues to tackle these issues. 
We hope that this short paper can serve as a guide for 
researchers and educators interested in studying ways 
of leveraging AI for implementing a LP-based vision of 
education into practice.
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