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ABSTRACT
Students' diverse levels of knowledge and competence—shaped by individual interests and educational debts, including 
structural, systemic, and institutional barriers—create substantial cognitive heterogeneity in instructional settings. Ade
quately addressing this heterogeneity is challenging. Emerging studies applying artificial intelligence (AI) in education claim 
that advanced AI techniques like machine learning (ML) can mitigate educational debts by providing adaptive support. 
However, previous research offers limited clarity on how learning outcomes vary following AI‐based adaptive instruction and 
which students improve their learning outcomes. To address these issues, this article quantitatively examines the extent to 
which ML‐based adaptivity influences students' learning outcomes over time and identifies which students, considering their 
intersectional identities, benefit most from this adaptive support. Specifically, we illustrate a semester‐long study conducted 
within an undergraduate organic chemistry course, where an ML model adaptively supported 266 students across four 
interventions on mechanistic reasoning. We identified five learning trajectories throughout these adaptive interventions. Our 
findings show that students with higher prior knowledge made greater progress than their peers. Additionally, men without 
an underrepresented minority (URM) status majoring in chemistry benefited more than URM women who are not chemistry 
majors. This indicates that the adaptive support maintained and partly exacerbated educational debts. Our study contributes 
to the literature by analyzing how ML‐based adaptivity affects educational debts in undergraduate organic chemistry. In 
doing so, it adopts a theoretical framework—the enhanced educational debt framework—to assess when different aims of 
adaptive support are most appropriate in undergraduate education, informing an equity‐centered design of adaptive support.

1 | Introduction 

Students enter formal education with diverse levels of knowl
edge and competence (Stern 2017). Internal and external factors 
account for this cognitive heterogeneity. Internal factors leading 
to student heterogeneity include individual choices and inter
ests (Renninger and Hidi 2015). For instance, a preference for 

chemistry over language arts may lead to greater engagement 
and higher learning outcomes in the former. External factors 
leading to student heterogeneity include structural, systemic, 
and institutional barriers that have historically limited access to 
learning opportunities for systemically marginalized groups 
(Castle et al. 2024)—an inequity Ladson‐Billings (2006) refers to 
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as educational debt. These debts reflect inequitable learning 
opportunities for students from systemically marginalized 
groups, which may also arise from the marginalization of the 
cultural, familial, and community knowledge these students 
bring to the learning environment (Ladson‐Billings 2006). 
Consequently, addressing students' diverse levels of knowledge 
and competence requires educators to design instructional set
tings that build on students' prior knowledge and interests 
while also working to repay educational debts and valuing 
broader forms of knowledge (Sbeglia and Nehm 2024).

A substantial body of research has examined the prevalence and 
implications of educational debts within undergraduate science 
education. For instance, Van Dusen et al. (2022) analyzed the 
educational debts society owes to students in undergraduate 
introductory chemistry. They found that both women and Black 
men entered the course with substantial educational debts, 
which persisted following instruction. Repaying the largest 
debts would require society to provide learning opportunities 
equivalent to taking the course two and a half times. Similarly, 
Nissen et al. (2021) investigated how the intersection of racism 
and sexism influences students' attitudes toward learning and 
doing physics. Their findings revealed educational debts owed 
to students from systemically marginalized groups as White 
men in calculus‐based physics courses exhibited the most 
expert‐like attitudes. Moreover, Sbeglia and Nehm (2024) re
ported that underrepresented minority (URM) students and 
those without prior undergraduate biology coursework scored 
lower than their peers in evolutionary biology, reflecting 
inequitable access to high‐quality learning opportunities.

Several studies have also examined whether specific instruc
tional reforms, such as collaborative learning (Nissen et al. 
2025; Van Dusen et al. 2024), active learning (Theobald 
et al. 2020), participation in undergraduate research (Haeger 
et al. 2024), metacognitive strategies (Muteti et al. 2023), or 
specifications grading (Yik et al. 2025), can contribute to re
paying educational debts. For example, Nissen et al. (2025) 
demonstrated that students who are systemically marginalized 
by race, gender, and class experience substantial educational 
debts in undergraduate biology courses. Collaborative instruc
tion frequently exacerbated, rather than mitigated these debts, 
particularly for students holding multiple marginalized identi
ties. Thus, structural, systemic, and institutional barriers rooted 
in racism, sexism, and classism shape patterns of prior knowl
edge and achievement in undergraduate science courses 
(Nissen et al. 2021, 2025; Van Dusen et al. 2022). Instructional 
reforms can exacerbate educational debts unless guided by 
equity goals.

Adaptive support has been increasingly positioned as a prom
ising instructional reform to address differences in students' 
prior knowledge, especially given the recent advancements in 
artificial intelligence (AI) (e.g., Li et al. 2021; Viberg et al. 2024). 
For instance, Strielkowski et al. (2025) claim that “adaptive 
learning technologies contribute to SDG 10 [United Nations' 
Sustainable Development Goal 10] (Reduced Inequalities) by 
bridging educational gaps between different socio‐economic 
groups” (p. 1929). Likewise, Dagunduro et al. (2024) argue that 
“[r]esearch indicates that adaptive learning improves academic 
performance, particularly for diverse and underserved student 
populations” (pp. 2236–2237). Furthermore, intelligent tutoring 

systems (ITSs) using modern AI technologies are anticipated to 
provide highly adaptive learning experiences comparable to 
one‐on‐one human tutoring (Kizilcec et al. 2017; Ma et al. 2014; 
Steenbergen‐Hu and Cooper 2014; VanLehn 2011). Kulik and 
Fletcher (2016) even conclude in their meta‐analytic review that 
“[t]he evaluations show that ITSs typically raise student per
formance well beyond the level of conventional classes and 
even beyond the level achieved by students who receive 
instruction from other forms of computer tutoring or from 
human tutors” (p. 70). Such expectations arise from AI‐driven 
ITSs' presumed capacity to fine‐tune when and how instruc
tional support needs to be delivered, offer content‐specific 
adaptive feedback, and prioritize students most in need (e.g., 
Li et al. 2021; Viberg et al. 2024).

However, these claims remain ambiguous in light of previous 
research. For example, numerous reviews and meta‐analyses 
investigated the impact of more traditional adaptive learning 
systems like ITSs on students' learning outcomes (Kulik and 
Fletcher 2016; Ma et al. 2014; Slavin et al. 2009; Steenbergen‐ 
Hu and Cooper 2013, 2014; VanLehn 2011). While some re
views and meta‐analyses found no significant improvement in 
students' learning outcomes from using ITSs compared to 
traditional, non‐adaptive instruction (Slavin et al. 2009; 
Steenbergen‐Hu and Cooper 2013), others reported small to 
medium improvements in students' learning outcomes (Kulik 
and Fletcher 2016; Ma et al. 2014; Steenbergen‐Hu and 
Cooper 2014; VanLehn 2011). Given these rather inconclusive 
findings, it becomes evident that the effectiveness of ITSs 
depends on various factors. For instance, ITSs work best when 
paired with locally developed, well‐aligned assessments and 
experienced instructors who can provide additional adaptive 
support (Kulik and Fletcher 2016). Furthermore, integrating 
ITSs with dashboards sensitive to educational debts enables 
instructors to recognize and respond to the diverse needs of 
their students, especially in large lecture environments where 
student‐instructor interactions are often limited (Williamson 
and Kizilcec 2022). However, Steenbergen‐Hu and Cooper 
(2013) found negative effects of ITSs in K‐12 mathematics 
learning for students with lower prior knowledge. This finding 
indicates that ITSs can exacerbate differences in students' 
knowledge and competence, potentially increasing educa
tional debts. In contrast, Koedinger et al. (2023) recently pre
sented evidence suggesting that, when effective adaptive 
support is provided, students with varying prior knowledge 
learn at similar rates, thereby maintaining but not exacerbat
ing differences in students' knowledge and competence as well 
as existing educational debts.

In summary, a growing tension exists regarding the impact of 
AI‐driven adaptive systems on students with varying levels of 
knowledge and competence. On the one hand, adaptive systems 
are promised to address educational debts through advanced 
adaptivity (e.g., Strielkowski et al. 2025). On the other hand, 
there are inconclusive findings on the effectiveness and fairness 
of previous generations of technology‐based adaptivity (e.g., 
Steenbergen‐Hu and Cooper 2013), and integrating AI tech
nologies into teaching can sometimes result in reduced learning 
outcomes. For instance, research indicates that relying on large 
language models for essay writing may diminish brain con
nectivity (Kosmyna et al. 2025), and students often lean on 
these models as a substitute for active problem‐solving, 
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resulting in weaker independent performance once the model 
has been removed (Bastani et al. 2024). At the same time, slowly 
accumulating evidence suggests that AI‐driven adaptive sys
tems can potentially support students in their learning. For 
example, AI tutoring has been shown to outperform in‐class 
active learning (Kestin et al. 2025). Further intensifying these 
tensions are concerns regarding the biases in AI systems, which 
may disproportionately impact systemically marginalized stu
dents, hindering their ability to meet educational goals and 
thereby exacerbating existing educational debts (Cheuk 2021; 
Grimm et al. 2023). To address these tensions—namely, har
nessing the potential of AI‐driven adaptivity while mitigating its 
equity‐related risks—we must (a) better understand to what 
extent students benefit from or are disadvantaged by specific 
types of AI‐driven adaptivity (Holstein and Doroudi 2022), and 
(b) leverage frameworks that guide the design and evaluation of 
AI‐driven adaptive systems that explicitly account for educa
tional debts (Grimm et al. 2023). Sbeglia and Nehm (2024) 
introduced the enhanced educational debt framework to identify, 
understand, and ultimately reduce educational debts within 
higher education biology. This article applies this framework to 
evaluate an AI‐driven adaptive system implemented in an 
undergraduate organic chemistry course. In doing so, we ex
plore and discuss (a) which students benefit from AI‐driven 
adaptivity, and (b) how the enhanced educational debt frame
work can guide designing and evaluating AI‐driven adaptive 
systems with a focus on educational debts.

2 | Theoretical Framework on Adaptivity in 
Education 

At its core, adaptive learning aims to scale personalized 
education so that instruction can better focus on a student's 
prior knowledge, problem‐solving approaches, affect, moti
vation, self‐regulated learning strategies, or metacognition 
(Aleven et al. 2016). Adaptivity is a spectrum rather than a 
binary characteristic. Aleven et al. (2016) define three prop
erties to describe the degree of a system's adaptivity: (i) using 
data on domain‐specific student challenges, (ii) varying 
pedagogical decisions depending on psychological measures 
of individual students, and (iii) responding interactively to 
student actions. This definition demonstrates that adaptivity 
is a process in which learning systems assess current student 
attributes and modify the instructional setting to improve 
learning (Plass and Pawar 2020).

2.1 | Aims of Adaptivity in Education 

Deunk et al. (2015) argue that adaptivity in education can serve 
two fundamentally different aims: supporting students in 
meeting a foundational learning objective, or adapting learning 
objectives to students' prior knowledge in order to support them 
in progressing toward their full learning potential. The first aim 
of adaptivity involves defining a foundational learning objective 
(Deunk et al. 2015, 2018; Smale‐Jacobse et al. 2019). This 
objective remains consistent for all students. Students who do 
not meet this learning objective receive adaptive support until 
they meet it. Conversely, students who already meet the 
objective are provided with additional learning material for 

enrichment, which may extend their learning but is not directly 
related to the foundational learning objective. Thus, this adap
tivity aim implies allocating additional resources, such as 
instructional time, to students with lower prior knowledge— 
even if it reduces the resources available for their peers. In 
contrast to supporting students in meeting a foundational 
learning objective, adaptivity can tailor learning objectives to 
students' prior knowledge to support them in progressing to
ward their full learning potential (Deunk et al. 2015, 2018; 
Smale‐Jacobse et al. 2019). For example, adaptivity could aim to 
ensure that students with lower prior knowledge reach a pri
mary learning objective while simultaneously providing stu
dents with higher prior knowledge more advanced learning 
opportunities aligned with a secondary learning objective. To 
ensure that all students reach their full learning potential, 
resources are distributed evenly among students. However, it 
can be difficult to assess a student's full learning potential 
because educational debts may have previously limited the 
opportunities to develop and demonstrate this full learning 
potential (Castle et al. 2024).

Pursuing these two aims of adaptivity can lead to distinct 
empirical results. Supporting students in meeting a founda
tional learning objective may result in what Deunk et al. 
(2015, 2018) and Smale‐Jacobse et al. (2019) describe as 
convergent adaptivity—a result characterized by reduced dif
ferences in learning outcomes (Figure 1a). In contrast, 
adapting learning objectives to support students in progressing 
toward their full learning potential may maintain—or even 
exacerbate—differences in learning outcomes. This result is 
referred to as divergent adaptivity by Deunk et al. (2015, 2018) 
and Smale‐Jacobse et al. (2019) (Figure 1b).

Both empirically observed results of adaptivity can be validly 
justified. Convergent adaptivity aligns with an equity concep
tualization of equality of outcomes, mitigating differences in 
students' learning outcomes by providing additional support to 
students with lower prior knowledge (Dumont and Ready 2023; 
Sbeglia and Nehm 2024). Divergent adaptivity, in contrast, 
aligns with an equity conceptualization of adequacy of outcomes 
(Dumont and Ready 2023; Holstein and Doroudi 2022). 
According to Dumont and Ready (2023), adequacy of outcomes 
emphasizes equipping all students with the primary compe
tencies necessary to participate fully in society and lead 
meaningful lives. Although this may not result in equality of 
outcomes, students are supported in reaching a primary learn
ing objective and in realizing their full learning potential 
(Dumont and Ready 2023).

Taken together, these arguments underscore an adaptivity 
dilemma of how to allocate limited resources to students with 
varying needs (Deunk et al. 2018; Holstein et al. 2018). 
Supporting students in meeting a foundational learning objec
tive may reduce the resources for students with higher prior 
knowledge, which may limit their opportunity to reach their 
full learning potential. Conversely, adapting learning objectives 
to support all students in reaching their full learning potential 
acknowledges that differences in outcomes may persist, poten
tially exacerbating existing educational debts and complicating 
future instruction as student heterogeneity can increase. Even 
with AI, resources remain limited. For example, the use of large 
language models for automated assessment incurs token‐related 
costs, and instructors cannot offer equal additional human 
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support to all students when using ITSs. Thus, decisions about 
adaptivity ultimately involve balancing individual and collective 
claims, interests, and rights, which requires a normative 
framework to guide decision‐making. Such a framework is 
particularly valuable when implementing technology‐based 
adaptive support since specific adaptivity aims need to be 
translated into design decisions and programming code before 
implementation.

2.2 | Analyzing Adaptivity in Education Through 
the Enhanced Educational Debt Framework 

The enhanced educational debt framework by Sbeglia and 
Nehm (2024) introduces a normative layer for analyzing 
students' learning outcomes following instruction. Originating 
in critical scholarship, the term educational debt acknowledges 
the accumulated structural, systemic, and institutional barriers 
that have historically restricted access to learning opportunities 
for students from systemically marginalized groups (Ladson‐ 
Billings 2006; Sbeglia and Nehm 2024; Van Dusen et al. 2022). It 
also underscores how societal structures often fail to value the 
cultural, familial, and community knowledge that these stu
dents bring to the learning environment. Such undervaluation 
can contribute to the absence of culturally relevant pedagogy, 
limited representation of systemically marginalized students in 
curricula, and implicit or explicit instructor biases (Ladson‐ 
Billings 2006). Accordingly, framing differences in achievement 
as educational debts shifts the focus away from deficit per
spectives that emphasize gaps in student achievement toward 
the accumulated disadvantages faced by systemically margin
alized groups, highlighting society's responsibility to ensure 
equitable learning opportunities for these students (Ladson‐ 
Billings 2006; Shukla et al. 2022). Building on this view, the 
enhanced educational debt framework examines (1) how 

learning outcomes vary following instruction and (2) which 
students are successfully improving their learning outcomes 
in order to identify educational debts and guide systemic 
improvements (Figure 2).

As conceptualized in the enhanced educational debt frame
work, instructional strategies can impact educational debts in 
three ways: they can mitigate, maintain, or exacerbate the debt 
(Van Dusen et al. 2022). To identify the impact of instructional 
strategies on educational debts, it is first essential—just as in 
any research design—to determine the relevant outcome mea
sures, such as course grades, exam scores, pass rates, or class 
participation. These measures must be operationalized and 
quantified. Based on these measures, researchers must define 
how differences in students' learning outcomes are expected to 
evolve, what Sbeglia and Nehm (2024) refer to as identifying 
appropriate indicators. Any observed differences in student 
engagement or learning outcomes must then be supported by 
data‐driven evaluations, which can ultimately serve as a foun
dation for crafting targeted action plans to improve future 
instruction (Figure 2). By specifically examining (1) the extent 
of learning and (2) who is benefiting from instruction, the en
hanced educational debt framework is well‐suited for inter
preting the results of adaptive support. Particularly, it helps 
determine to what extent differences in students' learning out
comes reflect educational debts.

While many differences in learning outcomes are likely 
associated with educational debts, Sbeglia and Nehm (2024) 
distinguish between differences in learning outcomes and 
educational debts. First, educational debts may not neces
sarily cause identifiable differences, especially in the later 
stages of education. For example, structural, systemic, and 
institutional barriers may prevent students from systemically 
marginalized groups from accessing undergraduate studies, 
which is why certain differences in learning outcomes may 

FIGURE 1 | Prototypical long‐term results of (a) convergent adaptivity and (b) divergent adaptivity on a fictitious measure, separated for groups 
of students with higher and lower prior knowledge. 
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no longer be visible in undergraduate education—although 
they stem from educational debts. In contrast, some differ
ences may be linked to other factors unrelated to educational 
debts. For instance, a biology major taking an organic 
chemistry course may have less interest in the subject than a 
chemistry major, resulting in reduced engagement with the 
course material. While these variations in student engage
ment may result in different learning outcomes, these dif
ferences arise from personal choices, rather than educational 
debts.

3 | Conducting a Data‐Driven Evaluation as an 
Illustrative Case: Using Adaptivity to Support 
Chemistry Students' Mechanistic Reasoning 

In this section, we illustrate a study that adaptively supported 
undergraduate organic chemistry students in reasoning about 
reaction mechanisms over one semester. We defined two 
learning objectives in our instructional setting: the primary 
objective required students to consider the distribution and 
movement of electrons, and the secondary objective involved 
identifying relevant causal relationships at this electronic level. 
Consequently, we allowed learning objectives to vary between 
students.

Hypothetically, the findings of our implementation of 
adaptive support could reflect the prototypical empirical 
results of divergent adaptivity as illustrated in Figure 1b. 
However, it is uncertain whether these prototypical long‐ 
term results align with our actual findings. It also remains 
an open question to what extent differences in students' 
reasoning about reaction mechanisms are linked to educa
tional debts. To analyze these questions, we used the com
plexity of students' reasoning about reaction mechanisms as 
a measure to perform a data‐driven evaluation that assesses 
differences in this measure over time. Our evaluation is 
anchored in two research questions that correspond to the 
guiding questions of the enhanced educational debt frame
work (Figure 2): 

1. How does our adaptive support impact differences in 
students' reasoning about reaction mechanisms over time?

2. Which students, considering their intersectional social 
identities, benefit the most from the adaptive support?

Based on the findings, we discuss how the enhanced edu
cational debt framework can inform the design and eva
luation of AI‐driven adaptive systems with a focus on 
educational debts.

3.1 | The Need to Adaptively Support 
Undergraduate Chemistry Students' Mechanistic 
Reasoning 

A key objective of science education is to enable students to 
understand the natural and engineered world by engaging 
them in science practices, such as developing models, con
structing explanations, or formulating arguments (National 
Research Council 2012). Mechanistic reasoning, which is 
required in several of these science practices, enables students 
to analyze the underlying mechanisms of observed phe
nomena (Glennan 2002; Illari and Williamson 2012), thereby 
providing students with a tool to engage with the natural and 
engineered world. Mechanistic reasoning is defined as the 
ability to identify, describe, or analyze the underlying and 
often unobservable mechanisms of scientific phenomena to 
infer, explain, or control their outcomes (Krist et al. 2019; Russ 
et al. 2008). Students' mechanistic reasoning can vary in 
complexity due to variations in their skills to make predictions 
and explain causal relationships (Russ et al. 2008).

Students face heterogeneous challenges in mechanistic rea
soning across science domains (Bachtiar et al. 2022). For ex
ample, Crandell et al. (2019) highlight six dimensions of student 
heterogeneity in mechanistic reasoning. They found that the 
complexity of students' mechanistic reasoning about acid–base 
reactions varied across chemistry course types, chemistry 
curricula, and chemical contexts. Additionally, student hetero
geneity was evident within a single cohort, between cohorts, 
and over time. Other studies further evidence students' het
erogeneity in mechanistic reasoning (e.g., Crandell et al. 2020; 
Crowder et al. 2024; Deng and Flynn 2021; Frost et al. 2023; 
Noyes and Cooper 2019; Watts et al. 2021; Yik et al. 2023).

FIGURE 2 | Interpreting measures to make data‐driven claims about indicators and enable the planning of future actions using the enhanced 
educational debt framework (Sbeglia and Nehm 2024). 
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Given this heterogeneity, numerous studies supported students' 
mechanistic reasoning adaptively (e.g., Ariely et al. 2024; 
Asmussen et al. 2024; Dood et al. 2020; Hedtrich and 
Graulich 2018a, 2018b; Lieber et al. 2022a, 2022b; Young 
et al. 2021). For instance, Ariely et al. (2024) and Dood et al. 
(2020) demonstrated that applying an ML model to code 
students' mechanistic reasoning allowed them to implement 
adaptive support. Students who received this adaptive support 
advanced their mechanistic reasoning significantly compared to 
a control group. Nonetheless, while both of these studies 
compared their adaptive support to a control group activity or 
exercise, they did not investigate to what extent students' 
mechanistic reasoning converged or diverged over time, which 
students benefited most from their adaptive support, or how it 
influenced educational debts. Hence, the impact of adaptive 
support on students' heterogeneous challenges in mechanistic 
reasoning remains largely unexplored.

3.2 | Context of the Illustrated Study 

To investigate the impact of adaptive support on students' 
mechanistic reasoning, we illustrate a semester‐long study that 
provided 314 undergraduate students enrolled in an Organic 
Chemistry II course at a large, public, research‐intensive insti
tution in the Midwestern United States with adaptive support 
during the Winter 2023 term. The adaptive support was pro
vided through adaptive online scaffolds. By the end of the 
semester, 266 students completed all four required adaptive 
scaffolds. Data from students who did not complete all adaptive 
scaffolds were excluded. The Institutional Review Board for 
the Social and Behavioral Sciences of the University of Virginia 
approved this study under Protocol #5937. Informed consent 
was obtained from all participants whose data were analyzed, 
and each student signed an informed consent agreement.

Of the 266 students whose data were included, 19 chose not to 
provide demographic information. Among the remaining stu
dents, 148 self‐identified as women (59.9%), 93 as men (37.7%), 
and 6 as other gender identities (2.4%). The students majored in 
various disciplines, such as biochemistry (n = 31; 12.6%), biol
ogy (n = 91; 36.8%), biotechnology (n = 8; 3.2%), chemistry 
(n = 21; 8.5%), human biology (n = 15; 6.1%), and neuroscience 
(n = 57; 23.1%), among others. For further analysis, we cate
gorized students into chemistry/biochemistry majors and non‐ 
majors because these groups likely differ in their access to 
discipline‐specific learning communities. Students identified 
their ethnic and racial background as follows: Asian or Asian‐ 
American (n = 48; 19.4%); Black, Afro‐Caribbean, or African 
American (n = 10; 4.0%); Indigenous American or Alaska 
Native (n = 1; < 1.0%); Latino/a/e/x or Hispanic American 
(n = 13; 5.3%); Middle Eastern, North African, or Arab Ameri
can (n = 10; 4.0%); Non‐Hispanic White or Euro‐American 
(n = 143; 57.9%); and multiracial (n = 14; 5.7%). Eight students 
chose not to disclose their ethnic or racial background. For 
further analysis, we distinguished between students who iden
tify with an ethnicity that is federally considered of an URM 
status (i.e., students who identify as Black, Afro‐Caribbean, or 
African American; Indigenous American or Alaska Native; 
Latino/a/e/x or Hispanic American; or multiracial including at 
least one of these racial/ethnic categories) or those who do not 
belong to a URM (i.e., students who identify as Asian or Asian 

American; Middle Eastern, North African, or Arab American; 
Non‐Hispanic White or Euro‐American). We acknowledge that 
this grouping is a simplification applied for statistical reasons, 
as it allowed us to retain group sizes large enough for quanti
tative analyses. Importantly, we do not claim that all URM 
students experience the same structural, systemic, and institu
tional barriers or carry the same educational debts. Rather, we 
recognize that different students within the broader URM cat
egory face distinct barriers that can cause educational debts.

We developed and implemented the four adaptive online scaf
folds using the Qualtrics survey platform. These scaffolds gui
ded students' mechanistic reasoning in judging the plausibility 
of alternative reaction products across four organic chemistry 
reaction mechanisms throughout the semester‐long course: 
ether synthesis, enamine hydrolysis, aldol condensation, and 
Claisen condensation (Lieber et al. 2022a, 2022b; Martin and 
Graulich 2024b). Although the specific reaction mechanisms 
varied, the assessed competence remained consistent across the 
semester: students' mechanistic reasoning. We used a previ
ously developed ML model to automatically code students' 
mechanistic reasoning, adapt the scaffolds to the mechanistic 
reasoning complexity a student demonstrated in the prior 
scaffold, and track how their mechanistic reasoning complexity 
developed over the study's four time points (Figure 3). Our 
adaptive support enabled students to follow one of 7203 distinct 
learning paths adapted to their mechanistic reasoning, where 
adaptation was allowed across multiple chemical concepts 
based on students' prior mechanistic reasoning (Martin and 
Graulich 2024b). Our study intentionally allowed learning ob
jectives to vary across students. Thus, tasks were adapted to 
support students in demonstrating increasingly complex 
mechanistic reasoning. The scaffolds, along with the Python 
programming code for automating the coding of students' 
mechanistic reasoning, are available in Martin et al. (2025). 
Details on ML model development can be found elsewhere 
(Martin and Graulich 2024a, 2024c; Martin et al. 2024).

3.3 | Data Analysis 

The analyses were performed in R (version 4.3.2) (R Core 
Team 2023) using RStudio as the integrated development en
vironment (IDE) (RStudio Team 2023), primarily relying on 
base R packages, unless otherwise specified. The statistical 
analyses were conducted at a significance level of α < 0.05.

3.3.1 | Modeling Students' Mechanistic Reasoning Trajectories 

To examine how students' mechanistic reasoning complexity 
evolved under adaptive support, we aggregated each student's 
mechanistic reasoning complexity across multiple responses 
within every time point. This aggregate—ranging from 0.00 for 
low mechanistic reasoning complexity to 5.00 for high mecha
nistic reasoning complexity—was used to model students' 
mechanistic reasoning trajectories, which reflect different 
learning patterns. We modeled students' mechanistic reasoning 
trajectories inductively from the data after the study.

To classify students into different trajectories based on their 
mechanistic reasoning complexity, we used the kml package, 
which applies a k‐means algorithm designed for exploratory 
longitudinal data to model piecewise linear trajectories 
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(Genolini et al. 2015; Genolini and Falissard 2011). We reran 
this longitudinal k‐means analysis with cluster numbers 
ranging from 2 to 10, using 100 random starting values per 
setting—yielding 900 total solutions. This approach 
increased the likelihood of identifying a global maximum 
(Genolini et al. 2015; Genolini and Falissard 2011). We then 
selected the optimal trajectory solution based on 10 statisti
cal criteria assessing within‐trajectory compactness and 
between‐trajectory separation. After careful review, we 
chose the five‐trajectory solution for its interpretability and 
robustness. More trajectories added little insight, while 
fewer obscured key nuances. Besides, all statistical criteria 
indicated acceptable values for this solution, and the 
Bayesian Information Criterion (BIC) supported this choice. 
Further details on our analysis, such as how we assessed the 
robustness of the trajectories, are available in Martin et al. 
(under review).

Modeling students' mechanistic reasoning trajectories was a 
preliminary step in addressing the guiding questions of the 
enhanced educational debt framework. By shifting away from 
single, static measures of achievement and instead capturing 
the trajectories of students' mechanistic reasoning, we moved 
beyond one‐time assessments that risk reinforcing deficit‐based 
narratives and highlight momentary gaps. In contrast, analyz
ing trajectories across multiple time points offers a more 
nuanced view of student progress, illuminating how students 
advance toward their learning objectives.

3.3.2 | Investigating the Gains in Students' Mechanistic 
Reasoning Over Time 

To investigate the extent of learning within our instructional 
setting as envisioned by the first guiding question of the en
hanced educational debt framework, we conducted dependent 
t‐tests to examine the gains in students' mechanistic reasoning 
complexity from the first to the final time point of the study. 

Dependent t‐tests were performed both across all trajectories to 
assess the overall effectiveness of the adaptive support and 
separately for each trajectory to determine whether all trajec
tories benefited equally from the support and whether differ
ences were mitigated, maintained, or exacerbated. Since the 
p value generally increases with decreasing sample size, and 
potentially disadvantaged students were underrepresented in 
our sample, we did not apply a p value correction for multiple 
testing. Applying such a correction could mask existing edu
cational debts, as differences between demographic groups 
might not reach significance due to unequal group sizes. We 
report Cohen's dz as a measure of effect size.

Next, we performed a Grambsch test (Grambsch 1994)—a 
robust alternative to the F‐test for repeated‐measures data—to 
assess the equality of variances in students' mechanistic rea
soning complexity between the first and final time points of the 
study. A statistically significant Grambsch test indicates that the 
residual variances vary over time, reflecting changes in student 
heterogeneity. The test was performed using the PairedData 
package (Champely 2013).

3.3.3 | Identifying the Students Who Improve Their 
Mechanistic Reasoning 

To investigate which students benefited from the adaptive 
support—as envisioned by the second guiding question of 
the enhanced educational debt framework—in order to 
reveal and address educational debts in undergraduate 
chemistry, we drew on Quantitative Critical Race Theory 
(QuantCrit) (Stage 2007). QuantCrit is an approach that 
combines quantitative methods with critical race theory's 
emphasis on power, social justice, and racism. Some studies 
adopted this approach in science education research (e.g., 
Nissen et al. 2021; Van Dusen et al. 2022, 2024).

Traditional quantitative analyses of singular identities (e.g., 
analyzing gender and race/ethnicity separately) often overlook 

FIGURE 3 | Using machine learning to support Organic Chemistry II students' mechanistic reasoning adaptively at four time points throughout 
one semester. 
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the complex intersections of these identities and their impact on 
students' educational experiences (Bauer et al. 2021; 
Crenshaw 1991; Eddy et al. 2015; Riegle‐Crumb et al. 2019; 
Wright et al. 2016). Thus, QuantCrit foregrounds how diverse 
facets of identity, such as gender and race/ethnicity, interact to 
produce educational debts. This contrasts with the practice of 
treating facets of identity as additive variables in analyses, often 
incorporated as an afterthought rather than being meaningfully 
integrated into the research design. Using such an inter
sectionality framework (Crenshaw 1989, 1991), we examined 
how overlapping identities shaped students' mechanistic rea
soning trajectories. We categorized students based on three 
intersecting binary variables: binary gender (e.g., women and 
men), racial/ethnic background (e.g., URM and non‐URM), and 
students' major (e.g., non‐chemistry/biochemistry and chemis
try/biochemistry). We included the distinction between chem
istry/biochemistry majors (hereafter referenced as “majors”) 
and non‐chemistry/biochemistry majors (hereafter referenced 
as “non‐majors”) since the latter group may have fewer 
opportunities to engage in discipline‐specific learning commu
nities. For example, science majors often engage in course‐ 
based undergraduate research experiences that foster collabo
ration and immersion in authentic, discipline‐relevant inquiry 
while reinforcing scientific practices; in contrast, such oppor
tunities are frequently less accessible to non‐majors (Haeger 
et al. 2024). The intersections of these three identity categories 
resulted in eight combinations of intersectional identities 
(Table 1). The six students with other gender identities and 27 
students who chose not to report all demographic data were 
excluded from this analysis to protect their privacy and ensure 
confidentiality.

To examine associations between students' mechanistic rea
soning trajectories and their intersectional identities, we used a 
χ2 test (Agresti 2013). Since some expected frequencies in the 
contingency table fell below five, we also conducted a Fisher's 
exact test using simulated data with 10,000 replications to en
sure the robustness of our findings (Patefield 1981). Finally, we 
performed a post hoc analysis of the standardized residuals 
from the χ2 test to identify specific associations between stu
dents' mechanistic reasoning trajectories and their intersec
tional identities (Agresti 2013; Beasley and Schumacker 1995), 
highlighting combinations that occurred more or less frequently 
than statistically expected. We applied the gmodels package to 
perform the χ2 test and Fisher's exact test (Warnes et al. 2023).

3.4 | Findings 

On average, our longitudinal adaptive support significantly 
improved students' mechanistic reasoning complexity from the 
study's first time point (x̄1 = 2.88, σ1 = 0.56) to the last time 

point (x̄4 = 3.11, σ4 = 0.65) with a small effect size: t(265) = 
− 5.909, p < 0.001, dz = 0.36. At first glance, it appears that the 
adaptive support benefited all students' mechanistic reasoning. 
However, a more detailed analysis revealed that the effective
ness of the adaptive support varied significantly across students.

3.4.1 | Modeling Students' Mechanistic Reasoning Trajectories 

We monitored students' mechanistic reasoning across the 
semester‐long course and used a longitudinal cluster algorithm 
to group students into five trajectories (Figure 4), each linked to 
varying mechanistic reasoning complexity across the four time 
points. Students with the highest mechanistic reasoning 
complexity, illustrated by trajectory A (yellow), started at a 
complexity level of about 3.5 and followed a slightly upward 
trend throughout the semester with minor fluctuations. 
Students with moderate‐to‐high mechanistic reasoning 
complexity, visualized by trajectory B (red), began at a com
plexity of 3.0 and showed stable mechanistic reasoning com
plexity with an increase by the term's end. Students with low‐to‐ 
moderate mechanistic reasoning complexity, represented by 
trajectories C (blue) and D (green), started at a similar com
plexity of around 2.5 but diverged significantly, showing con
siderable heterogeneity in mechanistic reasoning complexity 
over time. Lastly, students with the lowest mechanistic rea
soning complexity, reflected by trajectory E (purple), began 
with a score near 2.5 but experienced declines during 
the second and third time points, ultimately ending with a 
complexity of 2.0. Students following trajectories D and E 
mostly did not meet the primary learning objective (Figure 4).

3.4.2 | Investigating the Gains in Students' Mechanistic 
Reasoning Over Time 

In addition to modeling students' mechanistic reasoning tra
jectories, we calculated their gains in mechanistic reasoning 
complexity from the first to the last time point (Table 2). We 
report Cohen's dz as a measure of effect size to statistically 

TABLE 1 | Distribution of students' intersectional identities.

Chemistry/ 
biochemistry major

Non‐chemistry/ 
biochemistry major

Men Women Men Women

URM 3 3 10 22
Non‐URM 18 24 56 97

FIGURE 4 | Students' mechanistic reasoning trajectories. Error bars 
visualize 95% confidence intervals adjusted for longitudinal data. 

935 Science Education, 2026

 1098237x, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sce.70042 by U

m
ea U

niversity, W
iley O

nline L
ibrary on [11/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



compare the gains in mechanistic reasoning complexity across 
trajectories. Trajectories A and B showed medium gains in 
mechanistic reasoning complexity, reflected by a Cohen's dz of 
0.64 and 0.55, respectively. Trajectory C also exhibited a 
medium gain in mechanistic reasoning complexity with a 
Cohen's dz of 0.54. Trajectory D displayed a negligible gain with 
a Cohen's dz of 0.14. Finally, trajectory E experienced a decline 
in mechanistic reasoning complexity with a medium effect as 
demonstrated by a Cohen's dz of 0.65. These results indicate that 
the adaptive support had a differential impact on students 
across trajectories.

Table 2 further reveals that the standard deviations tended to 
increase over time. Specifically, the standard deviation of 
students' mechanistic reasoning complexity increased signifi
cantly from the first time point (σ1 = 0.56) to the final time point 
(σ4 = 0.65) of the study (Z = −2.188, p = 0.029). This suggests 

that the adaptive support contributed to greater heterogeneity 
in students' mechanistic reasoning.

3.4.3 | Identifying the Students Who Improved Their 
Mechanistic Reasoning 

A χ2 test revealed no significant association between students' 
mechanistic reasoning trajectories and their intersectional 
identities (Table 1) (χ2(32) = 38.30; p = 0.233; Cohen's W =  
0.377; Cramer's V = 0.188). This result was further confirmed by 
Fisher's exact test (p = 0.143). However, a possible trend was 
identified when examining the standardized residuals (Table 3). 
Non‐URM men who are majors were more frequently assigned 
to trajectory A than statistically expected (nexpected = 4.094, 
nobserved = 8, p = 0.054). In contrast, URM women who are non‐ 
majors were less frequently assigned to trajectory A than 

TABLE 2 | Mechanistic reasoning complexity of trajectories separated by time points.

Time point 1 Time point 2 Time point 3 Time point 4 Overall gain
x̄1 σ1 x̄2 σ2 x̄3 σ3 x̄4 σ4 x̄4–x̄1 (Cohen's dz)

Trajectory (students)
A (n = 61) 3.41 0.41 3.67 0.37 3.48 0.36 3.75 0.32 0.34 (0.64***)
B (n = 97) 2.96 0.34 3.09 0.42 2.95 0.34 3.26 0.41 0.30 (0.55***)
C (n = 43) 2.52 0.57 2.98 0.39 2.02 0.31 2.88 0.39 0.36 (0.54***)
D (n = 46) 2.51 0.51 2.04 0.41 2.72 0.40 2.62 0.58 0.11 (0.14)
E (n = 19) 2.45 0.53 2.19 0.43 1.29 0.58 2.03 0.58 −0.42 (0.65*)
Combined 2.88 0.56 2.96 0.69 2.76 0.72 3.11 0.65 0.23 (0.36***)

Note: x̄ indicates means and σ indicates standard deviations. Cohen's dz is a measure of effect size (Cohen's dz > 0.20 indicates a small effect, Cohen's dz > 0.50 indicates a 
medium effect, Cohen's dz > 0.80 indicates a large effect [Cohen 1988]). 
*p < 0.05; **p < 0.01; ***p < 0.001.

TABLE 3 | Association between students' mechanistic reasoning trajectories and their intersectional identities.

Intersectional identity Trajectory A Trajectory B Trajectory C Trajectory D Trajectory E

Non‐URM men (majors) nexpected = 4.1 nexpected = 6.6 nexpected = 3.2 nexpected = 2.9 nexpected = 1.2
nobserved = 8+ nobserved = 6 nobserved = 1 nobserved = 3 nobserved = 0

URM men (majors) nexpected = 0.7 nexpected = 1.1 nexpected = 0.5 nexpected = 0.5 nexpected = 0.2
nobserved = 1 nobserved = 1 nobserved = 0 nobserved = 1 nobserved = 0

Non‐URM men (non‐majors) nexpected = 12.7 nexpected = 20.7 nexpected = 9.9 nexpected = 9.1 nexpected = 3.6
nobserved = 14 nobserved = 23 nobserved = 11 nobserved = 5 nobserved = 3

URM men (non‐majors) nexpected = 2.3 nexpected = 3.7 nexpected = 2.0 nexpected = 1.6 nexpected = 0.6
nobserved = 3 nobserved = 1 nobserved = 4 nobserved = 2 nobserved = 0

Non‐URM women (majors) nexpected = 5.5 nexpected = 8.9 nexpected = 4.2 nexpected = 3.9 nexpected = 1.5
nobserved = 3 nobserved = 12 nobserved = 4 nobserved = 4 nobserved = 1

URM women (majors) nexpected = 0.7 nexpected = 1.1 nexpected = 0.5 nexpected = 0.5 nexpected = 0.2
nobserved = 0 nobserved = 2 nobserved = 1 nobserved = 0 nobserved = 0

Non‐URM women (non‐majors) nexpected = 22.1 nexpected = 35.8 nexpected = 17.1 nexpected = 15.8 nexpected = 6.2
nobserved = 23 nobserved = 33 nobserved = 12 nobserved = 20 nobserved = 9

URM women (non‐majors) nexpected = 5.0 nexpected = 8.1 nexpected = 3.9 nexpected = 3.6 nexpected = 1.4
nobserved = 1+ nobserved = 8 nobserved = 8* nobserved = 3 nobserved = 2

Note: Statistically significant effects at a significance level of α < 0.10 are shown in bold. 
+p < 0.10. 
*p < 0.05.

936 Science Education, 2026

 1098237x, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sce.70042 by U

m
ea U

niversity, W
iley O

nline L
ibrary on [11/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



statistically expected (nexpected = 5.004, nobserved = 1, p = 0.074); 
these students were more often assigned to trajectory C 
(nexpected = 3.871, nobserved = 8, p = 0.036). All other standard
ized residuals showed no notable deviations (Table 3). The 
identified effects should be interpreted with caution due to the 
nonsignificant overall association between students' mechanis
tic reasoning trajectories and their intersectional identities and 
the exploratory nature of the residual analysis.

When examining students' binary gender, racial/ethnic back
ground, and major separately, racial/ethnic background 
emerged as the strongest contributor to this finding. The χ2 tests 
indicate the largest effect size for racial/ethnic background 
(χ2(4) = 9.41, p = 0.052; Cohen's W = 0.201), compared to binary 
gender (χ2(4) = 6.29, p = 0.178; Cohen's W = 0.164) and major 
(χ2(4) = 3.58, p = 0.466; Cohen's W = 0.124).

4 | Discussion of Findings 

In this study, we implemented ML‐based adaptivity to support 
undergraduate organic chemistry students' mechanistic rea
soning. The goal of our analysis was to examine how our 
adaptive support influences differences in students' mechanistic 
reasoning and to identify who benefits from, or is disadvantaged 
by, AI‐driven adaptivity. Our findings indicate that our adaptive 
support improved students' mechanistic reasoning with a small 
effect size. This finding aligns with prior reviews and meta‐ 
analyses that identified small to medium effects of ITSs on 
student learning outcomes (Kulik and Fletcher 2016; Ma 
et al. 2014; Steenbergen‐Hu and Cooper 2014; VanLehn 2011). 
However, we observed differential effects of our adaptive sup
port across the five trajectories. Significant improvements were 
only observed for trajectories A, B, and C—encompassing 
approximately 76% of all students. Therefore, the differences in 
mechanistic reasoning complexity among trajectories A, B, and 
C were maintained; differences between these trajectories and 
trajectories D and E were exacerbated. This finding suggests 
that students with lower prior knowledge benefited less from 
the adaptive support in our setting. Thus, contrary to the claims 
of Strielkowski et al. (2025) and Dagunduro et al. (2024), who 
argue that adaptivity can particularly support diverse and un
derserved student populations, our findings suggest that im
plementing AI‐driven adaptivity in a way that effectively 
supports all students remains challenging.

Regarding the differential effects of our adaptive support, other 
research assumed that adaptivity can exacerbate differences in 
learning outcomes because more challenging learning paths 
often provide learning opportunities that address higher‐order 
cognitive operations, and students with lower prior knowledge 
are less frequently assigned to them (Terrin and Triventi 2023; 
Van de Werfhorst and Mijs 2010). Following that, students with 
higher prior knowledge can benefit disproportionately from 
these advanced learning opportunities, exacerbating the differ
ences between themselves and their peers (Adams 1990; Kempe 
et al. 2011)—a phenomenon subsumed under the term Matthew 
effect (Stanovich 1986). In their review, Steenbergen‐Hu and 
Cooper (2013) identified exacerbating learning‐related differ
ences in K‐12 mathematics classrooms using ITSs, where stu
dents with higher prior knowledge benefitted more from 
adaptive support than those with lower prior knowledge. These 

negative effects of ITSs on students with lower prior knowledge 
are also observed in other domains (e.g., Doroudi and Brunskill 
2019; Hansen and Reich 2015; Rau 2015). Hence, relying solely 
on adaptive support appears insufficient to mitigate differences 
in students' learning outcomes.

As the next step in our analysis, we examined the extent to which 
differences in students' mechanistic reasoning are linked to 
educational debts. Our findings show that URM women who are 
non‐majors appear to be disadvantaged by our adaptive support, 
pointing to potential educational debts. These findings align with 
a body of research that also identified educational debts in 
undergraduate science education (e.g., Nissen et al. 2021; Sbeglia 
and Nehm 2024; Van Dusen et al. 2022). For example, Van 
Dusen et al. (2022) found that women and Black men entered 
introductory chemistry with substantial educational debts that 
persisted after instruction, such that repaying these debts would 
require learning opportunities equivalent to completing the 
course multiple times. These findings demonstrate that educa
tional debts are deeply rooted in systemic, structural, and insti
tutional racism, sexism, and classism, and that instructional 
reforms may unintentionally exacerbate educational debts unless 
explicitly designed with equity‐centered goals (Nissen et al. 2025; 
Van Dusen et al. 2024).

Our findings pose the critical question of how to avoid ex
acerbating educational debts when implementing adaptive 
support. Suggestions for improvement can be derived from 
Koedinger et al.'s (2023) meta‐analysis across 27 data sets of 
student interactions with online practice systems from ele
mentary to postsecondary courses in math, science, and lan
guage arts. Koedinger et al. (2023) found that students with 
lower and higher prior knowledge progressed at similar rates, 
leading to maintained differences in learning outcomes. As a 
result, they conclude that differences in learning outcomes are 
not attributable to inherent variations in students' learning 
rates. Instead, differences in students' learning outcomes arise 
from inequities in environmental factors, such as access to high‐ 
quality learning opportunities (Gutiérrez 2008; Koedinger 
et al. 2023). Here, seven learning opportunities are, on average, 
required to master a knowledge component—almost irrespec
tive of a student's learning rate (Koedinger et al. 2023). This 
similarity in students' learning rates underscores that extended 
access to high‐quality learning opportunities can reduce dif
ferences in learning outcomes. All students can master higher‐ 
order cognitive operations—provided they have access to high‐ 
quality learning opportunities and are willing to invest effort in 
them (Koedinger et al. 2023). Consequently, extended access to 
high‐quality learning opportunities for students with lower 
prior knowledge may be a promising approach to better support 
them in our setting.

Increasing access to high‐quality learning opportunities for 
students with lower prior knowledge depends on various sys
temic factors. A promising approach can involve expanding 
course‐based undergraduate research experiences, which en
able students to collaboratively investigate relevant topics while 
synthesizing diverse forms of knowledge (Haeger et al. 2024). 
Peer mentoring in undergraduate introductory courses has also 
proven to be an effective support mechanism, yielding positive 
impacts on multiple outcomes, including social and academic 
integration, career development, emotional well‐being, soft 
skills, balance between university and personal life, reduced 
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dropout intentions, and an increased sense of belonging 
(Gehreke et al. 2024). Culturally relevant pedagogy can further 
enrich these opportunities. Students who see their identities 
meaningfully reflected in instruction, learning materials, and 
assessment practices may be more likely to demonstrate cog
nitive effort (e.g., Oladejo et al. 2022; Reyes et al. 2022; Sanders 
Johnson 2021; Spencer et al. 2021; Younge et al. 2021). Our 
future research will also examine how systemic factors, such as 
students' familial responsibilities and employment obligations, 
shape their mechanistic reasoning trajectories. These perspec
tives underscore that differences in students' mechanistic rea
soning should not be interpreted as evidence of inadequacy or 
lack of ability; rather, they may reflect system‐level educational 
debts that can and should be addressed.

5 | Implications 

Building on our application of the enhanced educational debt 
framework within undergraduate organic chemistry, we deve
loped a strategic action plan to improve future implementations 
of our adaptive support. Additionally, we aim to provide 
guidelines for implementing AI‐driven adaptive systems in 
undergraduate science courses, based on our application of 
ML‐based adaptivity in undergraduate organic chemistry. In 
particular, we discuss when adaptivity could support students 
in meeting a foundational learning objective and when it could 
adapt learning objectives to students' prior knowledge in order 
to support them in progressing toward their full learning 
potential (Figure 1).

5.1 | Crafting Action Plans: Reflecting on Our 
ML‐Based Adaptivity to Improve Future 
Implementations 

The results of our data‐driven evaluation of the implemented 
ML‐based adaptivity provide preliminary evidence of educa
tional debts since URM women who are nonmajors may be 
disadvantaged by our adaptive support. This finding indicates 
that ML‐based adaptivity alone is insufficient to address edu
cational debts. Further data‐driven evaluations are needed to 
substantiate this claim. Drawing on the steps outlined in the 
enhanced educational debt framework (Figure 2), we propose a 
targeted action plan to improve future implementations of our 
ML‐based adaptivity.

Above all, we acknowledge that our instructional setting may 
have contributed to maintaining and exacerbating educational 
debts. Our adaptive scaffolds might inadvertently reinforce 
dominant cultural norms as they were not designed with cultural 
relevance in mind (e.g., Oladejo et al. 2022; Reyes et al. 2022; 
Sanders Johnson 2021; Spencer et al. 2021; Younge et al. 2021). 
Additionally, the ML model may rely on specific majority‐driven 
terminology to analyze what counts as “mechanistic reasoning,” 
potentially marginalizing students with different cultural or 
epistemological frameworks (e.g., Cheuk 2021; Li et al. 2023). To 
address this, we developed multilingual ML models capable of 
assessing students' mechanistic reasoning across multiple lan
guages; however, these models have not yet been implemented in 
the instructional setting (Martin and Graulich 2024a). The 
implementation context, such as large lecture halls or traditional 

organic chemistry sequences, may have further exacerbated 
educational debts due to a lack of sense of belonging among 
students (e.g., Fink et al. 2020; Lemma et al. 2025; Torres 
et al. 2025). Without equity‐focused design, ML‐based adaptive 
support may risk exacerbating the student differences it aims to 
address.

Besides culturally relevant pedagogy, identifying students 
with lower prior knowledge at the beginning of the semester 
could also improve our instructional setting since this may 
enable instructors to provide supplemental human tutoring 
to those students. This human tutoring could include pre‐ 
teaching, extended instruction, or supplementary instruction 
for review, offered on a voluntary basis (Smets and Struyven 
2018). For example, instructors could provide supplemental 
tutoring to students like those assigned to trajectory E in this 
illustrated study. Since trajectory E comprises only 7.1% of 
students, offering supplemental human tutoring could 
be feasible, even in large‐enrollment courses. However, 
implementing supplemental tutoring places substantial 
demands on personnel and financial resources. For instance, 
Sevian et al. (2023) demonstrate that asset‐based supple
mental tutoring can improve learning outcomes and mitigate 
educational debts in undergraduate chemistry, yet such suc
cesses are contingent on institutional commitment. Without 
institutional commitment, such as dedicated funding, trained 
peer or professional tutors, coordinated scheduling, and 
recognition of instructional labor, the responsibility falls 
disproportionately on individual instructors, undermining 
the long‐term sustainability of those efforts.

Incorporating peer learning assistants in class or encouraging 
peer tutoring outside of class could also ensure that all stu
dents meet their learning objectives (Holstein et al. 2018; 
Holstein and Doroudi 2022; Sbeglia and Nehm 2024). Van 
Dusen and Nissen (2020) found that integrating peer learning 
assistants into instruction, for example, modeled after the 
Colorado Learning Assistant Framework (Otero et al. 2010), 
resulted in a significant decrease in nonpassing grades and 
disproportionately greater gains in learning outcomes for 
Black, Indigenous, and other students of color relative to their 
White peers. However, supporting students with lower prior 
knowledge must be approached with sensitivity and avoid 
labeling them as low achievers. Adopting asset‐based strate
gies can provide a foundation for supporting these students 
(Sevian et al. 2023). Asset‐based strategies recognize and build 
upon the strengths, experiences, and cultural backgrounds 
that students from systemically marginalized groups bring to 
the learning environment (Wilson‐Kennedy et al. 2022). 
White et al. (2020) report empirically validated asset‐based 
strategies in undergraduate chemistry classrooms. These 
strategies include implementing active learning and collabo
rative group work, promoting a sense of belonging, validating 
students' scientific identities, cultivating student–student and 
student–instructor relationships, offering timely guidance, 
and creating a classroom culture where mistakes are em
braced as learning opportunities. Together, these strategies 
may help repay educational debts.

Identifying students who require additional support may be 
more reliable when their learning trajectory across multiple 
tasks is considered, given the numerous context‐dependent 
variations in learning outcomes over time. For this reason, it 
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would be more appropriate to implement a series of formative 
assessments early in the semester and identify students who 
may benefit from more support based on their learning out
comes across multiple tasks and contexts. Incorporating a 
greater number of formative assessments may increase the 
effectiveness of adaptive support and offer a more detailed 
understanding of students' learning trajectories under adaptive 
support. However, increasing the number of formative assess
ments may also disadvantage students whose time for course
work is constrained by other academic duties, familial 
responsibilities, or employment obligations, among other 
responsibilities in their already busy daily lives.

An instructor dashboard could facilitate monitoring and sup
porting students. This interactive digital tool provides educa
tors with real‐time data on student learning outcomes to 
pinpoint a student's challenges, monitor student progress, 
identify educational debts, and adapt instruction (e.g., Bayer 
et al. 2024; Karademir et al. 2024; Knoop‐van Campen 
et al. 2023). Grounding instructor dashboards in psychometric 
models of progress variables or learning progressions can help 
instructors more precisely identify students who are truly 
learning and measure the extent of their progress (e.g., 
Wilson 2009; Wilson and Lehrer 2021; Wilson and Sloane 
2000; Wilson et al. 2019). Evidence suggests that integrating a 
dashboard into traditional teaching practices may benefit 
student learning across educational levels (Karademir 
et al. 2024; Martinez‐Maldonado et al. 2015). Furthermore, 
these dashboards appear to help instructors use a wider range 
of pedagogical content knowledge, offer more useful process‐ 
focused feedback, and dedicate significantly more time to 
supporting students with lower prior knowledge (Holstein 
et al. 2018; Karademir et al. 2024; Knoop‐van Campen and 
Molenaar 2020; Knoop‐van Campen et al. 2023; Molenaar and 
Knoop‐van Campen 2019). Conversely, instructors without a 
dashboard provided less overall feedback, gave performance 
feedback over useful process feedback to students with lower 
prior knowledge, and dedicated instructional time equally 
among all students (Holstein et al. 2018; Knoop‐van Campen 
et al. 2023). Accordingly, educational debt‐sensitive dash
boards enable instructors to prioritize students most in need, 
particularly when supported by professional development, 
well‐defined intervention protocols, and institutional infra
structure, thereby alleviating the unrealistic expectation that 
individual instructors personally interact with hundreds of 
students (Williamson and Kizilcec 2022). Attending to local 
learning contexts, community connections, and culturally 
relevant examples may further enhance the interpretability of 
dashboard outputs and ensure that interventions are aligned 
with students' lived experiences.

The extent to which adaptive support is integrated with affec
tive factors as well as other teaching, learning, and assessment 
practices also appears important for their implementation suc
cess (Deunk et al. 2018; Smale‐Jacobse et al. 2019). Conse
quently, in addition to the adaptive support methodology, 
contextual factors, including the type of course or the episte
mological beliefs of instructors and students, must be con
sidered for effective adaptive support. Factors such as student 
motivation, personal interests, stress levels, and workload may 
also affect how AI‐driven adaptive systems are implemented 
and experienced. Following that, incorporating affective factors 

into research designs or viewing learning through the lens of 
identity development may offer valuable insights into student 
outcomes that go beyond performance alone. Relying solely on 
adaptive systems as supplements to conventional teaching 
practices without fostering dynamic interactions between 
instructors and students, as well as properly aligning adaptive 
teaching, learning, and assessment methods, is likely ineffective 
(Kulik and Fletcher 2016).

Adapting learning objectives to students' prior knowledge ulti
mately prompts further assessment‐related questions. For ex
ample, whether all students should take the same assessment 
after receiving adaptive support is debatable. Uniform assess
ments seem to conflict with adaptive learning objectives since 
they do not account for each student's progress or educational 
goals. Accordingly, future instruction could implement alter
native assessment approaches in adaptive learning environ
ments (Yik et al. 2024). For instance, Clark and Talbert (2023) 
summarized four key features of alternative grading practices, 
which can inform the design of formative and summative as
sessments in classrooms that apply adaptivity. First, they em
phasize that learning objectives must be clear and measurable 
so students can demonstrate their assessment progress. Second, 
formative feedback must provide students with helpful eva
luative information on their work to progress toward the 
learning objectives. Third, assignment marks should signal a 
student's progress toward meeting the defined objectives, rather 
than solely mirroring a number of reached points. For example, 
these marks can be expressed as words or short phrases that 
clarify a student's understanding and progress, such as “satis
factory” or “try again.” Fourth, students should be allowed to 
reattempt tasks and resubmit their solutions for evaluative 
feedback without facing grade penalties. Specifications grading 
(Nilson 2014) and ungrading (Blum 2020), among alternative 
grading practices, have become increasingly popular ways of 
grading, especially across science domains (Ferguson and 
Bonner 2024; Hackerson et al. 2024).

5.2 | Using the Enhanced Educational Debt 
Framework to Guide Equity‐Focused AI System 
Design 

Deciding on whether adaptivity should support students in 
meeting a foundational learning objective or in progressing 
toward their full learning potential remains challenging (Deunk 
et al. 2015). Our application of the enhanced educational debt 
framework offers initial guidance for informed decision‐making 
in undergraduate education (Figure 5).

5.2.1 | Supporting Students in Meeting a Foundational 
Learning Objective 

Supporting students in meeting a foundational learning 
objective may be valuable in certain contexts (Figure 5). When 
differences in students' learning outcomes are linked to edu
cational debts, adaptivity should address and mitigate the ef
fects of these debts. For example, Nissen et al. (2021) and Van 
Dusen et al. (2022) revealed that systemic racism and sexism 
contribute to persistent educational debts in undergraduate 
science courses. If such educational debts persist, adaptive 
support should help repay these debts by supporting students 
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who have had fewer high‐quality learning opportunities in the 
past due to systemic factors, such as under‐resourced schools, 
limited access to advanced coursework, or biased tracking 
systems. By doing so, it is, however, essential to ensure that 
addressing structural, systemic, or institutional barriers 
that contribute to educational debts is not overlooked 
(Gutiérrez 2008).

Furthermore, providing additional support to students with 
lower prior knowledge is indispensable for fundamental skills. 
This perspective reflects Norris and Phillips's (2003) distinction 
between the fundamental and derived senses of scientific liter
acy: students must first learn to read, write, and discuss science 
before they can apply concepts meaningfully. Without these 
fundamental skills, deeper understanding and active participa
tion in society are unlikely. Adaptive support should enable all 
students to meet these fundamental skills.

The argument for supporting students in meeting fundamental 
skills similarly applies to threshold concepts, i.e., disciplinary 
ideas essential for further learning. For example, Talanquer 
(2015) defined five threshold concepts in chemistry as trans
formative cognitive gateways that enable students to access 
fundamentally new ways of chemistry‐specific understanding. 
Supporting students in meeting foundational learning objec
tives tied to such threshold concepts is essential; without that 
support, instruction risks excluding students from future 
learning because they lack access to these transformative ways 
of understanding.

As previously mentioned, systemically marginalized students 
often enter learning environments with greater educational 
debts due to systemic inequities (Nissen et al. 2021, 2025; Van 
Dusen et al. 2022, 2024). When these students experience 
challenges in achieving the same learning outcomes as their 
peers, they may face increased social pressure and decreased 
academic self‐concepts (Jansen et al. 2022). Offering adaptive 
support that enables all students to meet foundational learning 

objectives can be a strategy for fostering the academic self‐ 
concept of these students (Haskell 2023).

5.2.2 | Adapting Learning Objectives to Students' Prior 
Knowledge 

Adapting learning objectives to students' prior knowledge can be 
valuable in other contexts (Figure 5). Adaptive learning objec
tives may be appropriate when meeting a primary learning 
objective is sufficient for participation in society or future career 
aspirations, and higher‐order learning objectives—while signifi
cant within a specific domain—may not have broader societal 
relevance (Dumont and Ready 2023). For example, determining 
whether a nucleophilic substitution or elimination reaction is 
more likely to occur is a key learning objective in undergraduate 
organic chemistry with limited societal relevance. Instruction 
may help all students assess the plausibility of these two chem
ical mechanisms for less structurally complex species while some 
students may be supported in extending this skill to more com
plex species.

Furthermore, being surrounded by higher‐achieving peers can 
lower students' academic self‐concept and increase perform
ance anxiety, creating social pressure to “catch up” (Jansen 
et al. 2022). Adaptive learning objectives may reduce harmful 
social pressure in two ways: First, setting achievable learning 
objectives for students with lower prior knowledge may pro
duce early successes that sustain engagement and increase 
academic self‐concept. Second, allowing students with higher 
prior knowledge to meet more advanced learning objectives 
may ensure that the progress of these students is not hindered.

Moreover, adaptive learning objectives may be suitable in 
highly accessible instructional settings where social interac
tion is limited and the learning objective lacks direct societal 
relevance. Such conditions are commonly present in Massive 
Open Online Courses (MOOCs). However, as these courses 

FIGURE 5 | Guiding questions for deciding whether to support students in meeting a foundational learning objective or adapt learning objectives 
to students' prior knowledge. 
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incorporate more social interaction, belonging‐focused activi
ties should help mitigate educational debts between students 
with lower and higher prior knowledge (Kizilcec et al. 2017).

Ultimately, adaptive learning objectives may be appropriate 
when differences in engagement or learning outcomes arise 
from personal preferences, such as students' individual inter
ests or future career aspirations, rather than educational debts. 
For instance, expectancy‐value theory posits that students' 
motivation to engage in a task is influenced not only by their 
expectancy in succeeding but also by how valuable they per
ceive the task to be in terms of its utility and alignment with 
their interests (Eccles 1983). When students perceive greater 
personal or career relevance in certain learning objectives over 
others, differences in engagement may naturally emerge, even 
when resources are equally distributed (Nayyar et al. 2025; 
Teran et al. 2025).

Overall, both adaptivity aims offer benefits. As instructors 
and education researchers, it is essential to identify relevant 
normative guidelines, define learning objectives at the indi
vidual and cohort levels, and evaluate the effectiveness of the 
support to determine which adaptivity aim to prioritize, 
particularly when adaptivity is implemented with digital 
technologies (Deunk et al. 2018; Holstein and Doroudi 2022). 
Our guiding questions can ease decision‐making. Never
theless, defining learning objectives must be done carefully to 
avoid reinforcing deficit perspectives. For example, when 
trying to show empathy for the challenges faced by systemi
cally marginalized students, instructors may lower their ex
pectations. Although well‐intentioned, this can signal a lack 
of confidence in students' potential (Liou and Rojas 2019). 
Thus, future research should further explore which guiding 
questions and corresponding design decisions are most suit
able for developing and evaluating adaptive support systems 
that address educational debts as they evolve across K‐12 and 
higher education.

6 | Conclusion 

Students' diverse levels of knowledge and competence chal
lenge educators to design adaptive instructional settings. 
Adaptive support promises to provide personalized learning 
experiences and advance students' understanding (e.g., Kulik 
and Fletcher 2016). By doing so, adaptive support can pursue 
two fundamentally different aims: supporting students in 
meeting a foundational learning objective, or adapting 
learning objectives to students' prior knowledge in order to 
support them in progressing toward their full learning 
potential (Deunk et al. 2015, 2018; Smale‐Jacobse et al. 2019). 
This study offers initial insights into how adaptivity can 
impact student progress across various levels of prior 
knowledge. Our adaptive support benefited mostly students 
with moderate to high prior knowledge, so the adaptivity 
maintained and partly exacerbated differences in learning 
outcomes. These differences in learning outcomes may reflect 
educational debts since URM women who are non‐majors 
appear to be disadvantaged by the implemented adaptive 
support. While prior research has primarily claimed that 
ML‐based adaptive support can mitigate educational debts 
(e.g., Dagunduro et al. 2024; Strielkowski et al. 2025), our 

findings show that these techniques can, under certain con
ditions, also exacerbate educational debts.

For this reason, our study highlights the importance of evaluating 
adaptivity in education through an equity framework, such as the 
enhanced educational debt framework (Sbeglia and Nehm 2024). 
This framework is particularly useful for determining whether 
differences in students' learning outcomes are linked to educa
tional debts. It also informs the choice of a suitable adaptivity aim 
within a given instructional setting (Figure 5). Thus, the enhanced 
educational debt framework should be integrated into the design 
of adaptive support systems from the outset. For instance, if cer
tain student groups are known to carry educational debts, the 
initial goal for educators could be to develop systems that explicitly 
support these students. If the system also benefits other students, 
this can be considered an additional advantage; however, the 
primary goal remains to avoid further harm to already dis
advantaged groups.

We conclude that leveraging new digital technologies like ML to 
enable adaptivity does not resolve existing complexities, such as 
determining an appropriate adaptivity aim. Data‐driven eva
luations using the enhanced educational debt framework can 
help examine the impact of ML‐based adaptive support on 
students with different social identities. Accordingly, the en
hanced educational debt framework offers a lens for evaluating 
which adaptivity aim to prioritize in a specific context, in
forming the design of future adaptive support with a focus on 
educational debts.
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