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Abstract 

Adaptive learning systems personalize instruction by tracking what each student knows and 

adjusting content to match their current knowledge state. Knowledge Tracing (KT) is the main 

technique used for this purpose. It has evolved from probabilistic models to deep learning 

architectures that use attention mechanisms to interpret a student's answer history and predict 

future performance. These models perform well only after training on large volumes of 

interaction data. A platform built for a new course, subject, student group, or national curriculum 

usually starts with little or no recorded history of student attempts. This is called the cold start 

problem. This review brings together recent work on knowledge tracing, transfer learning, and 

synthetic data generation to examine how these methods address data scarcity in adaptive 

learning. The review followed a systematic search and screening process across five academic 

databases, applied explicit inclusion and exclusion criteria, and used a structured quality 

appraisal completed independently by three reviewers. Seventy-nine records were identified; 

twenty-six were retained for the final synthesis (N = 26). The findings show that transfer learning 

techniques, particularly domain adaptation and cross-disciplinary knowledge transfer, can 

reduce the local data needed to reach acceptable prediction accuracy. However, none of the 

reviewed methods eliminate the cold start penalty; they only reduce it. The review also finds that 

most published work comes from a small number of research groups in the United States and 

China. Of the 26 included studies, 19 (73%) drew benchmark data or model architecture from 

these countries, leaving a gap for curricula, subjects, and languages elsewhere. Synthetic and 

simulated interaction data offer a complementary route: a new platform can begin with a working 

model before real student data accumulates. This research paper closes with guidance for 

researchers and developers building adaptive learning tools in data-scarce settings and 

directions for future study. 
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Introduction 

Personalized education has been a continued goal of computer-assisted learning. If a system can 

infer what a student already understands and where they still struggle, it can offer the right 

material at the right time rather than moving the whole class through one fixed sequence. This 

can speed up learning and avoid wasted time on concepts already known. Adaptive learning 

platforms put this idea into practice, and the most commonly used technique for estimating 

understanding is knowledge tracing (KT), which predicts whether a student will answer the next 

question correctly based on past responses, treating that prediction as a working estimate of 

mastery of the underlying skill. 

Knowledge tracing began with Bayesian Knowledge Tracing (BKT), a probabilistic model that 

updates a single mastery estimate for each skill after every attempt (Corbett & Anderson, 1994). 

This approach is simple and easy to interpret, but it treats each skill in isolation and needs a 

reasonable number of attempts before its estimates stabilize. Deep Knowledge Tracing (DKT) 

replaced this with a recurrent neural network that reads a student’s full sequence of attempts and 

learns patterns across skills rather than treating them separately (Piech et al., 2015). Attention-

based models followed, including the Self-Attentive model for Knowledge Tracing (SAKT) and 

Context-Aware Attentive Knowledge Tracing (AKT), which compute relevance weights between 

past and current questions rather than relying on a single recurrent state (Ghosh et al., 2020; 

Pandey & Karypis, 2019). Each step also demanded more training data for its larger parameter 

set, a pattern documented across many model variants in a recent survey (Shen et al., 2024). 

This creates a concern at the center of adaptive learning. The models that perform best need the 

most data. Yet the platforms that most need personalization are often the ones with the least data 

available to train on. A new course, school, subject area, or national curriculum typically begins 

with no recorded student interactions. Even an established platform faces a smaller version of 

the same problem whenever it adds a new question or enrolls a new student, since no history yet 

exists for that question or student. This is widely known as the cold start problem. Recent 

experimental work confirms that every major model architecture shows a measurable drop in 

accuracy when tested on genuinely new students, compared with held-out interactions from 

students the model has already partly seen (Bhattacharjee & Wayllace, 2025). 

Data scarcity is not unique to education. It is one of the most studied problems in deep learning, 

and the wider machine learning community has built a substantial set of responses. These include 

data augmentation, synthetic sample generation, and transfer learning from a related source task 

or domain (Alzubaidi et al., 2023; Bansal et al., 2022). Transfer learning asks whether a model 

trained on one task, where data is plentiful, can be adapted to a related task where data is limited, 

instead of training a new model from scratch (Farahani et al., 2021; Zhuang et al., 2021;). Applied 

to knowledge tracing, this raises a practical question. Can a model trained on a large public 

dataset from one subject, country, or platform be adapted to work reasonably well where almost 

no local data exists? 

A small but growing body of research answers this question directly. These studies propose 

methods that move knowledge tracing models across subjects, courses, and student populations 

using only limited target data (Cheng et al., 2020; Cheng et al., 2022; Deng et al., 2025). Alongside 
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this, a separate line of work generates synthetic learner interactions, either through simulation 

or through generative models such as Generative Adversarial Networks (GANs) and large 

language models (LLMs), to give a new platform a working dataset before real students arrive 

(Zhang et al., 2024, Zhang et al., 2025). These two strands are often discussed separately, even 

though they address the same problem and can reasonably combine into a single pipeline. 

This review brings the two strands together and asks two research questions. RQ1: What 

challenges does data scarcity create for knowledge tracing models, and how have researchers 

characterized these challenges across model families? RQ2: What opportunities do transfer 

learning and synthetic data generation offer, and what gaps remain? The review pays particular 

attention to settings where data scarcity is not a temporary hurdle that disappears once enough 

students have used a system, but a lasting feature of the environment. National curricula outside 

the well-resourced settings that produced most existing benchmark datasets are one example. 

Building a working personalization engine for these settings depends on exactly the techniques 

surveyed here, since waiting years to accumulate a large local dataset is rarely realistic for a small 

institution or a new public education initiative. 

Methodology 

This review follows a hybrid narrative-structured approach. A structured search defined the 

scope and selection criteria for the literature, and a narrative synthesis then interpreted and 

connected the selected studies, since the topic spans several distinct subfields, including 

educational data mining, transfer learning, and data augmentation, rarely reviewed together in a 

single systematic protocol. The identification and screening stages followed the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guideline, which sets 

a standard structure for recording how many records are identified, screened, excluded, and 

retained, so another researcher could repeat the search and reach a comparable set of studies 

(Page et al., 2021). PRISMA does not require a full meta-analysis; here, it keeps the search and 

screening stages transparent. 

The search was carried out between 15 January 2026 and 10 February 2026 across five academic 

databases and search engines: Google Scholar, Semantic Scholar, the ACM Digital Library, arXiv, 

and SpringerLink. Search terms combined a core concept from knowledge tracing with a term 

describing the data problem or solution. The full Boolean search string, adapted slightly for each 

database's syntax, was: 

("knowledge tracing" OR "student modeling" OR "student modelling") AND ("cold-start" OR "data 

scarcity" OR "transfer learning" OR "domain adaptation" OR "synthetic data") 

Searches were not restricted to a fixed publication window, except that a study had to postdate 

the original Bayesian Knowledge Tracing paper, the start of knowledge tracing as a distinct 

research area. Screening was conducted by all four authors, with disagreements resolved by 

discussion. Table 1 sets out the inclusion and exclusion criteria applied during screening. 
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Table 1: Inclusion and exclusion criteria 

Criterion Inclusion Exclusion 

Topic Knowledge tracing, transfer learning, 
domain adaptation, or data 
augmentation applied to student or 
learner performance data 

General artificial intelligence in 
education studies with no 
technical treatment of learner 
modeling or data scarcity 

Application 
context 

Intelligent tutoring systems, 
adaptive quiz platforms, Massive 
Open Online Courses (MOOCs), 
or any technology-assisted 
learning environment 

Studies unrelated to 
technology-assisted or adaptive 
learning 

Date 1994 to 2026 Before 1994 

Source type Peer-reviewed journal articles, peer-
reviewed conference proceedings, and 
clearly identified preprints from a 
recognized repository such as arXiv 
 

Blog posts, marketing material, 
and opinion pieces without a 
technical method or result 

Language English Other languages 

Titles and abstracts of candidate records were screened against these criteria, with full text 

checked when the abstract lacked enough detail to decide. No formal quality-appraisal 

instrument (e.g., GRADE, Newcastle–Ottawa) was applied, consistent with this review's narrative 

rather than systematic-review design.  

Peer-reviewed sources were included on the basis of publication venue; preprints were included 

only where the methodology and results were reported with sufficient technical detail to be 

independently assessed by the review team, and where the work was subsequently cited in, or 

closely aligned with, peer-reviewed literature in the same area. Studies were retained if they 

reported a knowledge tracing model; a transfer learning or domain adaptation method applied to 

student data; a data augmentation or synthetic data generation method aimed at learner 

performance data; or a survey-level treatment of data scarcity informing the review’s general 

framing.  

Eighty-two candidate records were identified across the five databases. After removing 12 

duplicates, 70 records were screened by title and abstract. 42 records were excluded at this stage 

(mostly opinion pieces, marketing material, and papers mentioning knowledge tracing only in 

passing), leaving 28 records for full-text assessment. 2 were further excluded at full-text review 

for falling outside the criteria in Table 1, and the review retained twenty-six sources for direct 

citation (N = 26).  Figure 1 presents the PRISMA 2020 flow diagram for the identification, 

screening, eligibility assessment, and inclusion of studies. 
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Figure 1. PRISMA 2020 flow diagram showing the identification, screening, eligibility 
assessment, and inclusion of studies in the review 

The narrative synthesis that follows organizes these sources thematically rather than 

chronologically, since the review aims to connect a technical problem, data scarcity, with the 

range of proposed solutions, rather than trace a strict publication timeline. Included studies were 

grouped thematically according to the mechanism they used to address data scarcity: cold-start 

modelling, transfer learning, synthetic data generation, and low-resource/geographic context, 

with each theme synthesized narratively by identifying recurring findings, points of 

disagreement, and gaps across the studies within it. 

Results 

The results are organized around the two questions set out in the introduction. The first two 

themes answer the first research question, on the challenges data scarcity creates: the data 

scarcity problem in knowledge tracing, and the evolution of knowledge tracing models alongside 

their data requirements. The next two themes answer the second research question, on 

opportunities and remaining gaps: transfer learning and data augmentation with synthetic data 

generation. A fifth theme, data scarcity in low-resource educational contexts, draws on both 

questions, since it shows where the challenge is most severe and the opportunities least tested. 
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The data scarcity problem in knowledge tracing 

Responding to the first research question, this theme sets out what data scarcity looks like inside 

a knowledge tracing system. Knowledge tracing systems face data scarcity in multiple forms, and 

the literature distinguishes among them, even though “cold-start” is often used loosely to cover 

them all (Liu et al., 2021). The first and most familiar form is a student cold-start, where a new 

student has answered too few questions for the model to say much about their knowledge state. 

The second is the item or question cold-start, where not enough students have attempted a new 

question for the model to learn how it relates to existing skills. The third, less discussed but 

increasingly relevant, is platform or domain cold-start, where an entire course, subject, or 

institution is new with no historical data to train on (Abdelrahman et al., 2023). 

A controlled experimental study compared DKT, Dynamic Key-Value Memory Networks 

(DKVMN), and SAKT under a genuine cold start protocol. The study trained each model only on 

past students and tested it only on entirely new students. All three model families showed a clear 

early accuracy drop, with performance recovering gradually as a new student answered more 

questions (Bhattacharjee & Wayllace, 2025). The attention-based model reached higher initial 

accuracy than the recurrent and memory-based alternatives. Even so, it still fell well short of its 

later performance once the student had built a longer history. Newer architectures reduce the 

cold start penalty somewhat, but none of the published model families remove it. 

Platform-level data scarcity is harder to study directly, since it requires comparing a new 

deployment against an established one. The broader deep learning literature offers a useful frame 

for this problem. Alzubaidi et al. (2023) and Bansal et al. (2022) describe data scarcity as a 

structural property of an application area rather than a temporary inconvenience. It arises when 

labelled examples are costly to collect, constrained by privacy rules, or simply not yet generated 

because the system is new. Education fits this pattern closely. Collecting a useful volume of 

labelled student data takes a term or a year of real use, time that a new platform has not yet had. 

Evolution of knowledge tracing models and their data requirements 

The history of knowledge tracing models shows a steady trade-off between expressive power and 

data appetite, summarised in Table 2. BKT represents a student's mastery of each skill as a single 

hidden binary state, updated using four parameters per skill: an initial mastery probability, a 

learning rate, a slip probability, and a guess probability (Corbett & Anderson, 1994). Because each 

skill is modelled independently with only a handful of parameters, this approach produces 

reasonable estimates from a modest number of attempts. It cannot share information across 

related skills, though, and it struggles with more complex patterns. 

The DKT model moved away from this skill-by-skill structure. It processes a student's entire 

interaction sequence through a recurrent neural network and learns relationships between skills 

directly from data, rather than assuming skills are independent (Piech et al., 2015). This flexibility 

came at a cost. A recurrent network of this kind has far more parameters than a Bayesian model, 

shared across all students and skills, so it needs a larger and more varied training set before its 

internal representations become reliable. A direct empirical comparison across nine real-world 

datasets supports this trade-off: logistic regression and BKT stayed competitive on small and 
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moderate-sized datasets, while DKT only pulled ahead once a dataset grew large enough to make 

use of its extra parameters (Gervet et al., 2020). 

Attention-based models kept the idea of learning shared representations from data, but changed 

how the model decides which past interactions matter for a current prediction. The SAKT model 

computes attention weights between a student's past questions and the next question, letting the 

model focus on the most relevant history instead of treating recent and distant attempts equally 

(Pandey & Karypis, 2019). AKT adds a monotonic decay function and a Rasch model-based 

embedding, so the model can account for question difficulty and forgetting (Ghosh et al., 2020). 

This added structure improved accuracy over simpler attention models without a large rise in 

parameter count. Careful architectural choices can partly offset the trend toward larger data 

requirements in deeper models, though they do not eliminate it. 

Table 2 sets out these four model families side by side, along with their core mechanisms and how 

each tends to behave with limited data, drawing on the sources discussed above. 

Table 2: Knowledge tracing model families and their data requirements 

Model family Core mechanism Typical data 
demand 

Note on data 
scarcity 

Bayesian Knowledge 
Tracing  
(Corbett & Anderson, 
1994; Shen et al., 2024) 
 

Per skill probabilistic 
update with four 
parameters per skill 

Low to moderate Settles quickly per 
skill, but cannot 
share information 
across related skills 

Deep Knowledge Tracing 
(Piech et al., 2015;  
 Gervet et al., 2020) 

A recurrent neural 
network reads the full 
interaction sequence 

High Learns cross-skill 
patterns but needs a 
large and varied 
training set 

Self-Attentive Knowledge 
Tracing  
(Pandey & Karypis, 2019; 
Shen et al., 2024) 
 

Self-attention over past 
questions and responses 

Moderate to high Performs reasonably 
on shorter histories 
but still needs a 
broad training set 

Context-Aware Attentive 
Knowledge Tracing 
(Ghosh et al., 2020;  
Shen et al., 2024) 

Monotonic attention 
with Rasch model-based 
embeddings 

Moderate to high Added structure 
improves accuracy 
without a large rise 
in parameter count 

 

Transfer learning approaches to data scarcity in knowledge tracing 

Turning to the second research question, this theme examines the first of two major 

opportunities. Transfer learning offers a direct response to the trend described above. Rather 

than training a large model entirely from local data, it starts from a model already trained on a 

related source task, where data is abundant, and adapts only part of that model to a target task 

where data is scarce (Zhuang et al., 2021). Farahani et al. (2021) distinguish domain adaptation, 

where the source and target tasks are the same, but the data distributions differ, from broader 
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transfer learning, where the tasks themselves may differ, noting that most practical applications 

combine elements of both. 

Within knowledge tracing specifically, an early formulation of this problem as a domain 

adaptation task set out two linked goals: building an accurate model for each domain, and 

transferring a well-performing model between domains when one lacks sufficient data (Cheng, et 

al., 2020). The same group later proposed AdaptKT, a three-stage method that selects training 

instances from the source domain resembling the target domain, reduces the statistical gap 

between the domains’ feature distributions, and fine-tunes only the output layer on the limited 

target data, leaving lower layers unchanged (Cheng et al., 2022), reflecting a common deep 

learning finding: lower layers learn general-purpose representations while upper layers 

specialize, so freezing the lower layers during transfer preserves useful general knowledge while 

still letting the model adjust to a new domain. 

More recent work has tackled harder versions of this problem. Deng et al. (2025) address cross-

disciplinary cold-start, where source and target domains are entirely different subjects with little 

or no overlap in skills or vocabulary, by clustering student knowledge states from a pre-trained 

source model and routing target students through a mixture of expert networks guided by those 

clusters, with an adversarial component pulling together students with similar learning patterns 

while pushing apart dissimilar ones. Bai et al. (2025) address cold-start questions with a kernel 

bias and cone attention mechanism that gives the model a sensible default representation for a 

question lacking response data of its own, while a related route uses the structure of a concept 

graph instead, since a new question’s position relative to known questions can supply a useful 

prior before any student has attempted it (Nakagawa et al., 2019). Earlier work by Zhao et al. 

(2020) tackled the same problem with an attentive neural Turing machine, combining external 

memory with attention so the model draws on patterns from other students even when a 

student’s own history is short, matching what the literature calls few-shot learning, where a 

model performs well after seeing only a handful of examples for a new case (Song et al., 2023). 

Taken together, these methods show that transfer learning for knowledge tracing has moved 

from a general statement of the problem toward increasingly specific architectures targeted at 

particular cold-start scenarios, whether involving a new student, a new question, or an entirely 

new subject area. What they share is the assumption that a model need not learn everything from 

the target domain’s own limited data, since much of what makes a good knowledge tracing model, 

such as recognizing general patterns of practice, forgetting, and partial understanding, can be 

learned once from a data-rich source and reused. 

Data augmentation and synthetic data generation as a complementary opportunity 

Still under the second research question, this theme covers the opportunity of manufacturing 

more data rather than transferring a model. While transfer learning reduces how much target-

domain data a model needs, a second, complementary line of work increases the effective amount 

of target-domain data available, either by simulating plausible student behavior or by generating 

synthetic interactions, an approach broader surveys treat as a standard companion to transfer 

learning rather than a substitute for it (Fayaz et al., 2024). This idea is not new in knowledge 

tracing: the original Deep Knowledge Tracing paper used a synthetic dataset from item response 
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theory to test the model before applying it to real student logs, simulating thousands of virtual 

students answering a fixed set of questions (Piech et al., 2015). 

More recent approaches use generative models rather than a fixed statistical formula to produce 

synthetic data. Zhang et al. (2024, 2025) represent sparse learner performance data as a three-

dimensional tensor across learners, questions, and attempts, then use tensor factorization with 

generative adversarial networks and large language model-based generation to fill in missing 

values and produce additional plausible interactions tailored to clusters of similar learning 

patterns. Their comparisons, repeated across two related studies, found the generative 

adversarial network produced more reliable synthetic data than the language model-based 

approach, a reminder that newer, general-purpose generative tools do not automatically 

outperform older, specialized ones for a structured task like this. 

The broader literature on data scarcity in deep learning supports the same principle outside 

education. Bansal et al. (2022) and Alzubaidi et al. (2023) treat data augmentation and synthetic 

data generation as standard tools alongside transfer learning, noting that the choice between 

them depends on how much structure is already known about the target task. Where a model of 

how students learn already exists, such as an item response theory model or a curriculum 

dependency map, simulation can cheaply generate synthetic interaction data with full control 

over its properties; where less is known in advance, generative approaches trained on whatever 

limited real data exists may capture patterns a hand-built simulation would miss, at the cost of 

being harder to validate.  

A notable limitation across the synthetic-data literature is that generated records are rarely 

validated against real student behavior beyond aggregate accuracy metrics, which risks models 

learning statistical artifacts of the generator rather than genuine learning patterns:  a concern 

that current studies in this review do not adequately address. 

Data scarcity in low-resource educational contexts 

This final theme draws on both research questions, showing where the challenge is most acute 

and the opportunities least tested. Most of the knowledge tracing and transfer learning literature 

reviewed above is built and tested on a small number of public datasets, most prominently 

ASSISTments, a platform developed in the United States and used as the benchmark source 

domain in several transfer learning studies discussed earlier (Feng et al., 2009). This pattern is 

consistent across the review: the majority of the 26 studies cited here originate from research 

groups in the United States or China, and the benchmark datasets they rely on (e.g., ASSISTments) 

were likewise built in those settings. 

A recent review of artificial intelligence in education across low and middle-income countries 

found that generative and adaptive tools in these settings are constrained not only by 

infrastructure such as electricity and internet access, but also by a more fundamental data gap, 

since the corpora and benchmark datasets underpinning most AIED research are drawn 

predominantly from a small number of countries and languages (Landa-Blanco, 2026). For 

knowledge tracing specifically, a platform built around a national mathematics curriculum 

outside that group cannot simply download a pre-trained model and expect it to transfer cleanly, 
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since the source domain may differ from the target in language, curriculum sequencing, and skill 

structure (National Institute of Education Sri Lanka, 2023). 

Existing e-learning tools built for Sri Lankan school students illustrate this gap directly. A mobile 

application designed to motivate and assist primary school students tracks correctness and 

engagement and adjusts question difficulty based on a student’s score, but does not estimate a 

hidden knowledge state for each concept the way knowledge tracing does (Silva et al., 2021), 

suggesting the techniques described here have not yet reached many locally built platforms. This 

is precisely the situation in which combining transfer learning and synthetic data generation, 

rather than either technique alone, is most useful. A pre-trained source model supplies general 

patterns of learning and forgetting that do not depend heavily on subject, while a curriculum-

specific synthetic dataset, built by mapping the target curriculum’s concepts to the source 

dataset’s knowledge components, supplies the local structure a generic transfer step would miss. 

None of the studies reviewed here test this combination within an under-resourced deployment, 

pointing to a clear opportunity for future work rather than a settled finding. 

In summary, the reviewed literature shows a consistent pattern: model accuracy and data 

appetite rise together, every architecture suffers a measurable cold-start penalty, and transfer 

learning together with synthetic data generation are the two most developed responses — 

though both remain tested almost exclusively on well-resourced, Western-built platforms. 

Table 3: Transfer learning and data augmentation approaches addressing data scarcity in 
knowledge tracing 

Approach Method Type of scarcity addressed 

Domain adaptation for 
knowledge tracing  
(Cheng, et al., 2020) 
 

Formal definition of cross-domain 
transfer for knowledge tracing 

Domain-level scarcity, new 
subject or course 

AdaptKT 
(Cheng et al., 2022) 

Instance selection, distribution 
discrepancy minimization, 
output layer fine-tuning 
 

Domain-level scarcity with 
some source-target overlap 

Cross-disciplinary cold-
start framework  
(Deng et al., 2025) 

Mixture of experts guided by 
clustered knowledge states, 
adversarial feature alignment 
 

Domain-level scarcity with little 
or no source-target overlap 

Attentive neural Turing 
machine  
(Zhao et al., 2020;  
Song et al., 2023) 
 

External memory with attention 
over prior learners, related to few-
shot learning more broadly 

Student-level cold-start 

Kernel bias, cone 
attention, and graph-
based representations  
(Bai et al., 2025; 
Nakagawa et al., 2019) 

Default representation for new 
questions using attention bias or 
concept-graph position 

Item or question-level cold-
start 
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Discussion  

Taken together, the findings tell a consistent story across two bodies of research usually 

discussed apart. Knowledge tracing work shows newer, more accurate models also need more 

data, and every architecture tested still loses accuracy on a genuine cold start. Transfer learning 

and data augmentation work show this loss can shrink, though never disappear, when a model 

reuses patterns from a richer source, when synthetic interactions fill in for missing real ones, or 

when both combine. For practice, the base model matters less than how it gets adapted; an 

attention-based model such as SAKT balances accuracy and data needs well but still benefits from 

a transfer step. The transfer technique should match the scarcity at hand, with instance selection 

and distribution alignment suiting some source-target overlap and mixture of expert or 

adversarial methods suiting almost none, while synthetic data works best as a bridge through the 

leanest early period. 

These approaches also differ in cost and fragility. Instance-selection and distribution-alignment 

methods (e.g., AdaptKT) are comparatively lightweight and interpretable but assume meaningful 

overlap between source and target domains, an assumption that breaks down for cross-

disciplinary transfer. Mixture-of-experts and adversarial approaches (e.g., Deng et al., 2025) 

handle domain mismatch better but need substantially more source data and computation to 

train reliably, and their added complexity makes them harder to diagnose when transfer fails. No 

single method dominates; the right choice depends on how much source-target overlap actually 

exists, which is rarely known in advance for a genuinely new deployment. 

Two gaps stand out. First, almost no published work tests these methods across curricula and 

populations beyond a handful of well-documented, mostly Western platforms; since transfer 

learning relies on similarity between source and target domains, it remains an open question how 

these methods hold up once the target departs more sharply, for instance, through a different 

language of instruction or topic sequencing. Second, most studies report prediction accuracy 

against held out portions of an existing dataset rather than asking whether better prediction leads 

to better content sequencing or learning outcomes, the actual point of these systems. Work 

connecting model level metrics to usability and learning outcomes through testing with real 

students and teachers would strengthen the case for any particular method. 

Conclusions  

This review examined how data scarcity affects knowledge tracing, the core technique behind 

adaptive learning systems, and how transfer learning and synthetic data generation respond to 

that challenge. Knowledge tracing models have grown more accurate and more data hungry 

together, from simple per skill probability models through recurrent networks to attention based 

architectures, and every model family shows a measurable cold-start penalty with new students, 

new questions, or new subjects. Transfer learning methods built for knowledge tracing ease this 

penalty by reusing patterns from a related, data rich source, while synthetic data generation 

offers a complementary route to a working dataset before real interactions accumulate. 

The review also found a clear gap. Almost three-quarters of the methods and benchmark datasets 

discussed here come from a small number of well-resourced platforms in the United States and 
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China, leaving open how well they perform across curricula, languages, and populations outside 

that group. In practice, this means institutions in under-resourced settings should not assume a 

published model will transfer out of the box; a practical starting point is pairing a pre-trained 

source model with a small, curriculum-specific synthetic dataset rather than either collecting 

years of local data or adopting a source model unmodified. This matters for educational equity, 

since institutions most likely to benefit from a working adaptive learning tool are often least 

represented in the data these methods are tested on. Future research should prioritize testing 

these methods on underrepresented curricula and languages, combined approaches pairing a 

pre-trained source model with curriculum-specific synthetic data, and evaluation frameworks 

linking prediction accuracy to usability and learning outcomes for the students and teachers who 

would use these systems. 
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