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Abstract
Educational content is typically delivered uniformly despite wide differences in student backgrounds and 
goals.  This  study  proposes  a  framework that  combines  predictive  machine  learning  (ML)  with  large 
language models (LLMs) to tailor difficulty and style. Using a large public dataset of performance factors  
(attendance, study hours, resource access, motivation), we followed CRISP-DM procedures and trained 
multiple regressors to forecast final exam scores. Linear Regression was selected for its performance (R² ≈ 
0.80, RMSE < 1.5 on a 0–100 scale) and interpretability, providing a reasonably accurate grade forecast. A 
survey of 60 students (secondary to graduate levels) collected desired exam scores and self-rated difficulty  
(Hard/Medium/Easy). For each student we computed a score gap (predicted − desired) and mapped it to 
difficulty via a deterministic rule with thresholds tuned on the cohort and fixed for all analyses at t₁ = −7 and 
t₂ = +9. In this pilot, the mapping aligned with self-reports on observed cases; we do not treat this as a  
generalizable accuracy estimate. A larger multi-course evaluation with proper train/validation/test splits 
and  cross-validation  is  planned.  The  predicted  difficulty  label  controlled  LLM  prompting:  learners 
forecasted to struggle received simplified, scaffolded explanations; on-track learners received balanced 
depth; advanced learners received technical treatments. Student feedback indicated that when predictions  
matched  needs,  92%  reported  the  generated  content  met  their  needs;  satisfaction  fell  to  36%  when  
predictions were incorrect. These findings suggest that ML-guided prompt routing can improve perceived 
relevance of  instructional  materials  while  remaining transparent and easy to calibrate.  In conclusion, 
integrating  interpretable  ML  predictions  with  prompt-engineered  LLMs  can  automate  individualized 
content generation, potentially reduce instructor workload and improve learning outcomes.
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1. Introduction

Educational content refers to all instructional materials used in teaching (textbooks, video lectures,  
exercises, assessments, etc.). In practice, this content is often delivered uniformly to all students, even 
though  learners  differ  widely  in  background  knowledge,  skills,  and  interests.  Adapting  or 
personalizing content means selecting and organizing materials so that each student encounters 
topics at the right level of difficulty.

Personalization (also called adaptive learning) means tailoring the learning experience to each 
student’s unique profile. In a personalized model, aspects such as difficulty, pace, and content format 
are adjusted for each learner, rather than using a uniform curriculum. This strategy allows students 
to progress at their own rate and engage more actively with the material. By optimizing content and 
teaching methods to individual needs, personalization makes learning more efficient and motivating.

There  are  different  approaches  to  personalization.  Traditional  methods  include  one-on-one 
tutoring and teacher-driven differentiation, which can be effective but do not easily scale to many 
students. In contrast, technology-based approaches automate adaptation using data and algorithms. 
For  example,  many adaptive platforms begin with a  diagnostic  quiz  or  assessment to  gauge a 
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student’s current understanding and then recommend a tailored sequence of lessons and exercises. 
More advanced systems apply machine learning to analyze each student’s activity and predict areas 
of difficulty, automatically selecting the optimal next content. In this way, an intelligent tutoring 
system or learning platform can dynamically adjust difficulty and examples for every student without 
manual effort.

Artificial  intelligence  (AI)  and  large  language  models  (LLMs)  further  enable  scalable 
personalization. AI-driven systems can continuously monitor a student’s performance (for example, 
quiz responses or interaction patterns) and adapt the learning path in real time. For instance, if a  
student struggles with a concept, the system can automatically provide additional explanations or 
simpler practice problems on the spot. LLMs (such as ChatGPT/DeepSeek) extend this capability by 
generating customized educational content on demand: they can produce explanations, examples, or 
practice questions tailored to a learner’s level and context. Together, these AI technologies allow 
each student to receive personalized content and feedback at scale, effectively acting as a virtual tutor 
that adapts to individual needs.

Modern  education  in  high  schools  and  universities  is  increasingly  facing  the  need  for 
individualized  approach with  increasing volumes  of  educational  material,  diversity  of  learning 
trajectories  and  limited  resources  of  teachers  [1,  2,  3].  Digitalization  of  the  learning  process 
penetrates into all aspects: from the automation of administration to distance platforms focused on 
the analysis of student's actions. Its main goal is not only to reduce the workload of teachers and 
speed up data processing, but also to improve the quality of learning by taking into account the 
personal preferences, perception style and motivation of each student [4, 5].

In response to these challenges, AIED systems that combine algorithms for analyzing educational 
data, recommendation mechanisms, and adaptive tests are being actively developed. A key element 
of  such  platforms  has  become  predictive  models  that  can  identify  students  at  risk  of  poor 
performance at an early stage and select optimal materials for them [6, 7, 8]. The idea of machine  
learning support originated in the 1960s-70s with the emergence of “learning machines” and expert 
systems based on programmed learning theories. In the 1990s-2000s, the development of statistical 
methods and classical ML algorithms (SVM, decision trees) led to the first adaptive systems [9]. With 
the introduction of deep neural networks and the emergence of Generative Pre-trained Transformers 
(GPT-series) after 2022, AIED got a qualitative leap: systems learned not only to collect and analyze 
large amounts of training data, but also to generate explanations, tests and interactive tasks on-the-
fly [10, 11].

Modern AIED platforms use a variety of algorithms, from recurrent networks to SVR and gradient 
boosting. Another type of models, Large Language Models (LLMs) are capable of generating quality 
explanations,  test  questions  and  examples,  targeting  the  context  and  the  student's  level  of 
proficiency.  However,  without  careful  prompt  customization,  they  can  generate  inaccurate  or 
redundant answers – “hallucinations” [12, 13, 14].

The goal of the study is to improve the quality of education by applying machine learning 
algorithms to personalize instructional materials generated by large language models.

Research questions:

1. How accurately can predictive regression models forecast students’ final exam performance 
to guide the personalization of educational content?

2. To what extent does adaptive prompt engineering of LLMs—based on these predictions—
affect student satisfaction and perceived relevance of the generated materials?

2. Materials and methods

The study tested  the  hypothesis  that  machine  learning techniques  can be  used to  personalize 
educational  content  for  individual  students  by combining data-driven prediction with  adaptive 
content generation.



Literature and platform review. A review of AI tools and platforms in education was conducted to 
identify current personalization mechanisms (e.g.,  task difficulty and pacing adaptation) and to 
inform the integration of ML predictions with an LLM-based content generator [15, 16, 17, 18]. Major 
online learning systems (e.g., Coursera, Khan Academy) and specialized LLM initiatives (e.g., Google 
Learn About pilot) were examined to understand existing workflows and constraints.

Dataset selection. To ensure relevance and scale, candidate datasets were restricted to ≥1,000 
records and not older than 2021. After reviewing seven large datasets on academic performance, the 
Student-performance-factors  dataset  was  selected  [19],  containing  learning  habits,  background 
factors, and exam results in secondary or post-secondary education.

Preprocessing.  The  initial  dataset  underwent  standard  cleaning:  (i)  missingness  assessment 
showed ~1.18% missing values across three variables, which were imputed using plausible values  
drawn from observed  distributions;  (ii)  duplicate  records  were  removed;  (iii)  three  categorical 
features  were  encoded  (integer  codes  or  one-hot  encodings);  (iv)  outliers  were  identified  as 
observations far from the bulk of the data and 1,645 such records were removed to avoid distortion  
during model training. Exploratory data analysis included plotting histograms for key variables (e.g., 
Hours Studied, Previous Scores, Attendance, Exam Score) (Figure 1–4) and computing a Pearson 
correlation matrix across numerical features (Figure 5), without drawing inferential conclusions at 
this stage.

Figure 1: Hours Studied distribution.

Figure 2: Previous Scores distribution.



Figure 3: Attendance distribution.

Figure 4: Exam Score distribution.

Feature  engineering  and  scaling.  Based  on  domain  knowledge,  numerical  features  were 
scaled/normalized  as  needed.  A  derived  metric  improved_percentage  =  (Exam_Score  – 
Previous_Scores)/100  was  defined  to  represent  relative  improvement;  this  variable  was  used 
descriptively within analysis workflows with care to avoid leakage in predictive scenarios.

Predictive modeling for exam score. A supervised regression approach modeled Exam Score as a 
function  of  student  factors.  Predictors  included  Hours_Studied,  Attendance, 
Access_to_Resources_m, and Motivation_Level_m. The dataset was split 80:20 into train/test subsets. 
Ten regression algorithms were trained, including Linear Regression, Support Vector Regression 
(SVR), and tree-based methods. Evaluation employed MSE, MAE, RMSE, and R². Target criteria, set a 
priori for satisfactory performance, were R² > 0.80 and RMSE < 1.5 (Figure 6 summarizes evaluated 
metrics without implying selection).



Figure 5: Correlation Matrix.

Figure 6: Metrics evaluation.

Model  selection  protocol  and  interpretability  criteria.  We  compared  a  suite  of  regression 
algorithms, such as Linear Regression, Ridge/Lasso/Elastic Net, Support Vector Regression (RBF), 



Random Forest, and Gradient Boosting, under a consistent validation protocol. The primary selection 
criterion was out-of-sample error (RMSE) with R² as a secondary indicator; tie-breakers favored 
interpretability and stability on small/medium samples. To prevent leakage, all preprocessing steps 
were fitted on the training folds only. In the extended study, we will report 5-fold cross-validation on 
the training split, tune hyperparameters on validation data, and evaluate the final model on a held-out 
test set, additionally providing 95% confidence intervals via bootstrap. This protocol ensures that any 
observed gains over Linear Regression reflect true generalization rather than overfitting. 

ML→LLM Adaptation  Pipeline.  To  make  the  control  link  explicit,  we  route  the  regression 
prediction into prompt selection through a simple,  deterministic  mapping.  Let pred denote the 
predicted exam score from the regression model, and desired the student’s self-declared target score. 
We define the score gap gap = pred − desired. Two thresholds (t₁, t₂) partition gap into three difficulty 
tiers: gap < t₁ → Hard, t₁ ≤ gap ≤ t₂ → Medium, gap > t₂ → Easy. The selected tier activates a 
corresponding prompt template that modifies the explanation depth and style delivered by the LLM. 
In other words, the ML model provides a quantitative control signal (gap), which deterministically 
selects an instruction set for the LLM to follow when generating the response. In this study, the 
thresholds were fixed at t₁ = −7 and t₂ = +9, obtained via validation tuning on the current cohort.

Survey design and difficulty mapping. A separate survey of 60 students (secondary to graduate 
level, studying mathematics or natural sciences) collected (a) desired_score and (b) self-rated exam 
difficulty (Hard/Medium/Easy). To mitigate threshold clustering at round numbers, desired_score 
values were perturbed by a small ±5% random deviation. For each student, we computed the score 
gap as gap = predicted_exam_score – desired_score. Rather than training a classifier on this small 
pilot, we applied a deterministic threshold rule with two thresholds (t₁, t₂) to assign difficulty tiers: 
gap < t₁ → Hard, t₁ ≤ gap ≤ t₂ → Medium, gap > t₂ → Easy. On the pilot cohort, this rule coincided 
with the self-reported labels on the observed cases; however, we do not treat this as a generalizable  
accuracy estimate. Thresholds were validation-tuned on the current cohort and fixed at t₁ = −7 and t₂ 
= +9; when deploying to new cohorts,  thresholds will  be re-tuned with the same protocol and 
evaluated on a held-out test set.

Threshold tuning. With n = 60 participants, we partitioned the data into a validation subset (≈40) 
and a held-out test subset (≈20), stratified by the self-reported difficulty tiers (Hard/Medium/Easy). 
On the validation subset, we performed a coarse grid search over two thresholds to map gap =  
predicted_exam_score − desired_score into three difficulty tiers (gap < t₁ → Hard, t₁ ≤ gap ≤ t₂ → 
Medium, gap > t₂ → Easy). The thresholds that best aligned with the self-reported tiers on validation 
were t₁ = −7 and t₂ = +9; these values were fixed prior to any held-out evaluation and used for all  
results reported in this paper.

Table 1
Variables and definitions (pilot)

Variable Definition

predicted_exam_score Regression model output (0–100)desired_score Student self-declared target score (0–100)
gap predicted_exam_score – desired_score 

Table 2
Variables and definitions (pilot)

Rule Assigned difficulty

gap < t₁ Hardt₁ ≤ gap ≤ t₂ Medium

gap > t₂ Easy



Figure 7: Deterministic threshold mapping from gap = predicted − desired to (Hard/Medium/Easy) 
with fixed thresholds t₁ = −7 and t₂ = +9.

Prompt engineering and content generation. An adaptation layer modifies student queries to a 
GPT-based model by attaching difficulty-specific hidden instructions selected by the ML→LLM 
pipeline.  For  each  request,  the  system  (i)  computes  the  difficulty  tier  from  gap  = 
predicted_exam_score − desired_score using thresholds (t₁, t₂), (ii) selects a prompt template for that 
tier, and (iii) appends the user’s query. This produces simpler, scaffolded explanations for Hard, 
balanced depth for Medium, and advanced, technical treatments for Easy. The templates below show 
the fixed, reusable instruction blocks; only the user’s query changes at runtime.

Table 3
Difficulty-specific prompt templates (instruction blocks)

Tier Hidden instruction template (excerpt)

Hard “Explain step by step in plain, simple language. Start from definitions, 
avoid jargon, and include 1–2 concrete, everyday examples. Break the 
solution into short steps and check understanding after each step. Do 

not assume prior mastery; prefer intuition over formalism.”

Medium “Provide a balanced explanation: concise definitions, 1 worked 
example, and 1 short exercise suggestion. Use standard terminology 
where helpful; include brief intuition and the key formula. Keep the 

answer focused and 6–10 sentences long.”

Easy “Give an advanced, in-depth treatment. Include formal definitions, 
relevant theorems/lemmas, typical pitfalls, and a compact derivation 
or proof sketch where applicable. Add 1–2 challenging exercises and 

briefly relate the concept to adjacent topics.” 

In operation, a student provides profile inputs (for prediction) and then a content query (e.g.,  
“Explain derivatives”); the system computes the tier, selects the template, and assembles the final  
prompt automatically. Demonstrative outputs for Hard, Medium, and Easy remain illustrative (Figure 
8–10) and are not used as evaluation metrics.



Figure 8: Output result of “easy” difficulty.



Figure 9: Output result of “medium” difficulty.



Figure 10: Output result of “hard” difficulty.

User feedback procedure. After interacting with the system, the same cohort provided satisfaction 
ratings on a 5-point scale regarding perceived fit of the generated materials, including a hypothetical 
misclassification scenario.

3. Results and discussion

Exploratory relationships. The Pearson correlation matrix (Figure 5) showed the strongest positive 
associations with Exam Score for Attendance (r ≈ 0.58) and Hours Studied (r ≈ 0.45). Previous Scores 
exhibited a modest positive correlation (r ≈ 0.18). Several variables, including Family Income and 
Gender, showed near-zero linear correlation with exam outcomes (r ≈ 0.00). These observations 
guided the emphasis on attendance, study time, and, secondarily, prior achievement and resource 
access in subsequent modeling.

Model comparison and selection. Across ten regression algorithms (Figure 6), the simple Linear 
Regression model provided the best balance of accuracy and interpretability on the test split. It  
achieved an R² exceeding 0.80 and an RMSE below 1.5 on a 0-100 scale, outperforming more complex 
methods on this dataset. Consequently, Linear Regression was selected as the final predictor for exam 



scores. In the study’s analysis narrative, the coefficient of determination was reported around R² = 
0.8012, indicating that over 80% of score variance was explained, with typical prediction deviations 
well under two points – sufficiently precise to drive downstream personalization decisions.

Difficulty mapping from score gaps. For each student we computed the score gap as score_diff = 
predicted_exam_score  –  desired_score  and  applied  a  deterministic  threshold  rule  with  two 
thresholds (t₁, t₂) to assign difficulty tiers (Hard/Medium/Easy). On the pilot cohort (n=60), this rule 
coincided with the self-reported difficulty labels on the observed cases; however, we do not interpret 
this as a generalizable accuracy estimate due to the small sample and the absence of a held-out test 
set. In the extended study, thresholds will be tuned on validation data only, and performance will be 
reported exclusively on a held-out test set with k-fold cross-validation and confidence intervals  
(Figure 7 illustrates the mapping). The thresholds used throughout were fixed at t₁ = −7 and t₂ = +9  
following validation tuning on the current cohort.

Adaptive prompting outcomes.  Integrating predictions with LLM prompting yielded outputs 
aligned to the inferred difficulty level  (Figure 8–10).  For students flagged as likely to struggle, 
responses emphasized simplified explanations and concrete examples; for students projected to excel, 
responses contained more advanced, detailed analysis.

Student satisfaction.  When the system’s difficulty prediction matched student needs,  92% of 
participants reported that the generated content met their needs; when predictions were incorrect, 
satisfaction fell to 36%. These outcomes are summarized in (Figure 11).

Figure 11: Student satisfaction barplot.

4. Limitations and future work

The dataset and survey were relatively small;  the Student-performance-factors dataset may not 
capture all learning contexts. Because improved_percentage uses the target Exam_Score, it must be 
excluded from real-time prediction features to avoid leakage. The difficulty survey involved 60 
students; larger, more diverse samples are needed to validate generalization. Finally, evaluation 
focused  on  self-reported  satisfaction  rather  than  objective  learning  gains.  These  constraints 
notwithstanding,  the  observed  accuracy  and  satisfaction  patterns  support  the  feasibility  of 
combining interpretable predictions with adaptive LLM prompting to produce useful personalized 
materials, and they motivate future classroom-scale validation. An earlier draft employed a trained 
classifier on the pilot data. To avoid overstating generalization from a small sample, we now use a  



deterministic threshold rule and will compare it with trainable classifiers in the extended study. The 
threshold  values  (t₁  =  −7,  t₂  =  +9)  were  tuned  on  this  cohort  and  may  be  dataset-specific.  
Generalization  to  other  populations  requires  re-tuning  with  the  same  validation  protocol  and 
periodic recalibration if the learner distribution shifts.

5. Conclusion

In summary, this research developed and evaluated a methodological framework for personalizing 
educational  content  using  machine  learning  and  adaptive  language  model  prompts.  It  was 
demonstrated that a straightforward linear regression model, trained on student study habits and 
background features, can accurately predict final exam performance (with over 80% of variance 
explained). Based on this, students’ self-selected target scores were used to infer the appropriate 
difficulty level of content. By integrating these predictions into a generative AI pipeline via prompt 
engineering, the system produced customized explanatory materials: simplifying explanations for 
students likely to struggle and enriching content for those ahead of the curve.

The pilot evaluation, based on student surveys, indicated that most users were satisfied with the 
level of personalization when the system’s predictions aligned with their expectations. This suggests 
that machine-learned user models combined with large language models can indeed tailor learning 
experiences at scale. While additional validation with larger datasets and real-world outcomes is 
needed,  the  findings  support  the  hypothesis  that  machine  learning  can  effectively  personalize 
educational content.

This approach has practical implications for adaptive learning platforms. By automating the 
analysis of student data and the generation of bespoke instructional content, educators could offer 
more individualized support without a proportional increase in teacher effort. In conclusion, the 
results encourage further exploration of AI-driven personalization in education, with the goal of  
improving student engagement and learning outcomes.
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