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Introduction to Data Preprocessing

@ What is Data Preprocessing?

The process of transforming raw data into a clean, structured, and suitable format for machine learning models.

YV Preparation Step [~ Improves Accuracy

First and critical step in the machine learning pipeline before model training Clean, structured data leads to more accurate and reliable predictions
@ Enhances Efficiency s Resolves Issues

Reduces computational complexity and speeds up the training process Handles missing values, outliers, noise, and inconsistencies in raw data

"Garbage in, garbage out. The quality of your machine learning model is only as good as the quality of data you feed into it."
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Why Data Preprocessing Matters

4 4

A Without Proper Preprocessing © With Proper Preprocessing

© Biased or inaccurate predictions @ Accurate and reliable predictions

© Misleading insights from noisy data @ Consistent and meaningful patterns

© Model training failures or errors @ Faster and more efficient training

© Poor generalization to new data @ Better generalization capabilities

Model Performance Model Performance

S .
L L

& Impact in Educational Applications

Student Performance Prediction Learning Analytics Adaptive Learning Systems
Proper preprocessing of student data improves Clean data ensures accurate insights into learning Preprocessed data enables personalized learning paths
accuracy of performance predictions by up to 40% patterns and effective interventions that respond accurately to student needs
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Data Preprocessing Workflow

=" The Complete Process

A systematic approach to transform raw data into a format suitable for machine learning models

- »
— s X3 N v B
1. Data Collection > 2. Data Cleaning >3. Transformation > 4. Feature >S Feature Selection > 6. Data Split
Gathering raw data from Handling missing values Normalizing and scaling Engineering Selecting most relevant Creating training,
various sources and outliers features Creating new features features validation, and test sets

from existing ones

& Educational Data Processing Flow

Student Data Collection Data Refinement Educational Features
LMS logs, assessments, surveys, and demographic data Handling missing attendance, standardizing formats, Creating engagement metrics, performance indicators,
removing duplicates learning style variables

4/20

netramanandhar




Step 1: Data Collection

= The Foundation of Machine Learning

Data collection is the process of gathering raw information from various sources that will be used to train and test machine learning models.

Learning Management Systems

a Surveys & Questionnaires —
Direct collection of structured data from participants. Useful for gathering Automated collection of student activity logs, engagement metrics, and
student feedback and self-assessment data. performance data from online platforms.
E Academic Records an Web Scraping & APIs
Historical performance data, attendance records, and demographic information v Programmatic collection of data from educational websites, research
from school databases. repositories, and open educational resources.
@ Key Considerations
Data Quality Ethical Considerations Sample Representation
Ensure data is accurate, complete, and relevant to your Obtain proper consent and protect student privacy when Ensure data represents diverse student populations to avoid bias
educational objective collecting educational data in models
& Educational Example: Student Performance Prediction
Data Sources Collection Strategy
® Previous semester grades Integrated data collection system that combines institutional records with real-time LMS
e Attendance records analytics to provide a comprehensive view of student engagement and performance
patterns.

* Assignment completion rates
® Quiz/test scores

® LMS interaction logs
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Step 2: Data Cleaning - Handling Missing Values

»° Making Data Ready for Analysis

Data cleaning is the process of identifying and correcting (or removing) errors, inconsistencies, and missing values in datasets.

Student Data With Missing Values

ID | Name | Age | Grade | Attendance |
001 | John | 18 | 85 | 90% |
002 | Sarah | 17 | 2?7 | 85% |
003 | 7?7?77 | 18 | 78 | 92% |
004 | Michael | 2?2 | 90 | 2?72 |
005 | Alexandra | 16 | 88 | 95% |
M Deletion B Mean/Median Imputation @ Predictive Imputation
Remove rows or columns with missing values Replace missing values with average/median Use ML algorithms to predict missing values
© Simple @ Data loss © Preserves data @ Reduces variance © Accurate @ Complex
A Dealing with Outliers
Detection Methods Treatment Options
e 7-score (standard deviations from mean) * Remove outliers if they're errors
* |QR method (interquartile range) ® Cap outliers at threshold values
* Visual methods (box plots, scatter plots) * Transform data (e.g., log transformation)
® Use robust algorithms less sensitive to outliers
& Educational Example: Attendance Data
The Challenge The Solution
A school dataset contains missing attendance records for some students due to system Using a combination of historical patterns and peer group averages, missing attendance
outages. These gaps affect the accuracy of a student engagement prediction model. values were imputed. This approach preserved student-specific patterns while

maintaining the integrity of the dataset.
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Step 3: Data Transformation - Normalization and Standardization

23 Converting Data to Uniform Scales

Data transformation adjusts the scale, distribution, or nature of variables so they're compatible with machine learning algorithms.

»% Normalization (Min-Max Scaling) &la Standardization (Z-score)

Scales values to a fixed range, typically [0,1] Rescales data to have mean=0 and standard deviation="1

Formula: Formula:
X' = (X - Xmin) / (Xmax - Xmin) Z = (X S }J.) / ©

Original data: [25, 45, 70, 90]

Original data transformed to z-scores

Best Used When: Best Used When:

e Data has a bounded range e Data follows a Gaussian distribution

® Distribution is not Gaussian ® Using algorithms assuming normal distribution

* Need values strictly between 0 and 1 ® Dealing with outliers

® Using algorithms sensitive to feature magnitudes ® Using PCA, clustering, or neural networks
« Log Transformation & Power Transformation z= Binning/Discretization
Applies logarithm to compress wide-ranging values and handle Uses power functions (Box-Cox, Yeo-Johnson) to stabilize variance

Converts continuous values into discrete bins or categories to reduce

skewed distributions and make data more normal distribution-like noise

& Educational Example: Standardizing Test Scores

The Challenge

A school district uses different grading scales across subjects: math (0-100), language
(0-50), and science (0-20). This makes it difficult to compare student performance
across subjects.

The Solution

By standardizing all scores using z-scores, the system creates comparable metrics
across subjects. This allows for fair analysis of student strengths and weaknesses,
regardless of the original scale.

@ Result: Improved student performance profiling and more effective personalized learning

recommendations.
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Step 4: Feature Engineering - Creating New Features

sS The Art of Creating Better Features

Feature engineering is the process of using domain knowledge to extract new features from raw data that make machine learning algorithms work better.

= Aggregation Features
Combine multiple data points into meaningful summaries
// Example: Student engagement metric

engagement score = 0.4 * avg time spent +
0.3 * submission rate + 0.3 * participation ratio

o Time-based Features
Extract temporal patterns from date/time information
// Example: Learning patterns
days since last login

weekend activity ratio
time of day activity

& Educational Example: Student Success Prediction

Raw Features vs. Engineered Features

Original Features:

e Assignment scores
e Quiz scores

¢ Login frequency

e Time spent on LMS
e Forum posts count

=> Model accuracy: 72%

@ Feature Engineering Best Practices

* Interaction Features

Create features that capture relationships between variables

// Example: Study efficiency
study efficiency = test score / study hours
concept mastery = correct answers * difficulty level

X! Polynomial Features

Create non-linear combinations of features

// Example: Performance factors
study hours squared = study hours?
attendance squared = attendance?

After Feature Engineering:

e Assignment completion trend (slope)
e Quiz improvement rate

e Weekend/weekday login ratio

e Time-to-deadline submission pattern
e Forum engagement quality score

=> Model accuracy: 89%

Apply Domain Knowledge Test for Relevance Document Your Process
Use educational expertise to create features that reflect learning Evaluate if new features improve model performance Keep track of feature creation methods for reproducibility
processes
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Step 5: Feature Selection - Choosing Relevant Features

¥ Finding the Signal in the Noise

Feature selection identifies and selects the most relevant features, reducing dimensionality and improving model performance by eliminating irrelevant or redundant

features.
1= Filter Methods @& Wrapper Methods 2 Embedded Methods
Select features based on statistical measures without Evaluate subsets of features by training models and Perform feature selection as part of the model training
involving any machine learning algorithm measuring their performance process
Common Techniques: Common Techniques: Common Techniques:
e Correlation e Forward selection e LASSO regularization
e Chi-square test e Backward elimination ¢ Ridge regularization
¢ Information gain e Recursive feature elimination e Decision tree importance
e \Variance threshold e Genetic algorithms e Elastic Net

[= Feature Importance Visualization

Example: Student Success Prediction Feature Importance

Assignment Completion

Study Hours
Attendance Rate
Participation Score
Prior GPA

Class Size

& Educational Application: Performance Prediction

The Challenge The Solution

A learning analytics system has collected over 50 variables about each student, but this Using recursive feature elimination with cross-validation (RFECV), the team identified
large number of features makes the model overly complex, slow, and prone to that just 12 key features provided the optimal predictive power. This reduced training
overfitting. time by 85% and improved model accuracy by 7%.
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Step 6: Data Integration - Combining Multiple Sources

@ Bringing Data Together

Data integration is the process of combining data from different sources into a unified view, enabling more comprehensive analysis and improving the quality of insights.

P Data Consolidation Data Federation
-
= Physically bringing together data from multiple sources into a centralized Creating a virtual database that provides unified access to data in different
repository locations
Examples: Examples:
e Data warehousing e Virtual data integration
e ETL (Extract, Transform, Load) processes e Query federation
e Data lakes e API-based integration

>’ Integration Process

1 2 3

Schema Mapping

A 4
A 4

Data Cleaning Data Merging

Identify relationships between data elements from Combine data using joins, unions, or other

Resolve inconsistencies and standardize formats

different sources methods
Data Quality Issues Identity Resolution Privacy Compliance
Ensure consistency in data definitions, formats, and semantics Establish reliable methods to identify the same entity across Adhere to data protection regulations when combining sensitive
across sources different datasets information

& Educational Application: Comprehensive Student Profiles

Source Systems Integrated Student Profile

¥ Student Information System Benefits:

e 360° view of student performance

E Learning Management System e Early identification of at-risk students

Q

e Personalized learning recommendations
Assessment Platform e More accurate predictive models

e Data-driven educational policy decisions
¥ Discussion Forums
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Step 7: Data Reduction - Dimensionality Reduction

ax Simplifying Data While Preserving Information

Data reduction techniques decrease the dimensionality of data by removing redundant features while preserving the essential information needed for analysis and

modeling.
Improved Performance Reduced Overfitting Better Visualization
Reduces computational complexity and speeds up training time Helps models generalize better by focusing on essential patterns Makes it possible to visualize high-dimensional data in 2D or 3D

High Dimensional Data Reduced Dimensions

X4 X2 Xz X4 Y, Y,
[ ]
° [ [
([ . [ o
° e o
o . [
e Principal Component Analysis (PCA) e t-SNE
Linear technique that transforms data into a new coordinate system, keeping components with Non-linear technique that visualizes high-dimensional data by mapping similar datapoints to
the highest variance nearby points
Best for: Linear data, reducing noise, visualization Best for: Visualization, non-linear data, cluster identification
v Feature Selection o Autoencoders
Selects a subset of relevant features from the original set based on importance metrics Neural network-based method that learns efficient encodings of unlabeled data
Best for: Model interpretability, removing redundancy Best for: Complex non-linear relationships, image data
& Educational Application: Student Learning Style Analysis
The Challenge The Solution
A learning analytics system collects 50+ metrics on student behavior patterns from videos, quizzes, Using PCA, the team reduced the 50+ metrics to just 5 principal components that explained 87% of
and discussion forums. Researchers need to identify the primary learning style dimensions to create the variance in learning behaviors. This simplified categorization of learning styles allowed for more
personalized learning pathways. effective adaptive learning interventions.

@ Result: 23% improvement in student engagement and 15% better learning outcomes
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Common Challenges in Data Preprocessing

A Pitfalls to Avoid

Being aware of common challenges can help you navigate the preprocessing phase more effectively and build more reliable machine learning models.

Data Leakage Preprocessing Inconsistency

- 3
Accidentally including information in the training data that won't be available Applying different preprocessing steps to training and test datasets
when making predictions
Example: Computing normalization parameters on the full dataset rather than just the
Example: Using future data to fill missing values in historical records training set
Sy Over-processing o Ignoring Domain Knowledge
Applying excessive transformations that remove important signals or patterns in Relying solely on statistical methods without considering context-specific
the data insights
Example: Aggressive outlier removal that eliminates valuable but uncommon patterns Example: Treating all missing values with the same imputation method, ignoring why
they're missing
Data Imbalance Curse of Dimensionality Scaling Sensitivity
Having disproportionate representation of different classes in Too many features relative to the number of samples, leading to Different algorithms have different requirements for feature scaling
classification problems overfitting
= Educational Example: The Perils of Preprocessing
The Scenario The Analysis
A research team built a model to predict student dropout risk based on performance data. They The team had committed data leakage by using information from the test set during preprocessing.
normalized all features using the full dataset (including test data). Their model showed excellent This created an artificially optimistic model that couldn't generalize to truly new data. When properly
performance in validation but failed dramatically when implemented in a real classroom setting. implemented with preprocessing parameters calculated only on training data, performance became

more realistic but reliable.

-> Lesson: Always isolate your test data completely from the preprocessing pipeline.
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Educational Application 1: Student Performance Prediction

|~ Predicting Academic Success Through Data

How proper data preprocessing transforms raw educational data into valuable insights that can help identify at-risk students and personalize learning journeys.

0.0
E x D -a-
Academic Records Behavioral Data Digital Engagement Demographic Data
Previous grades, GPA, course history, credits Attendance, submission timing, participation LMS activity, resource access, discussion Age, gender, socioeconomic indicators,
earned metrics participation background

%4 Preprocessing Workflow for Student Data

1. Collection 2. Cleaning 3. Feature Creation
e Gather from multiple systems > e Handle missing course data > e Grade progression trends
e Ensure ethical compliance e Fix incorrect grades e Engagement consistency
e Establish data pipeline e Standardize formats e Study pattern metrics
B Raw Student Data BB Preprocessed Data for ML
Student ID Previous Grade Attendance LMS Logins Submissions Student . .
D Prev_Grade_Norm Attend_Rate Engagement_Score Completion_Rate Risk_Level
S001 85% 92% 45 12 of 15
S001 0.85 0.92 0.78 0.80 Low
S002 N/A 78% 23 8 of 15
S002 0.74 0.78 0.45 0.53 Medium
S003 72% 88% 52 14 of 15
S003 0.72 0.88 0.85 0.93 Low
S004 65% 65% N/A 7 of 15
S004 0.65 0.65 0.38 047 High
» Impact of Proper Preprocessing
Prediction Accuracy Early Intervention Completion Rates
Improved from 68% to 91% by addressing missing values and Enables targeted support 4-6 weeks earlier than traditional 22% increase in course completion for at-risk students identified
normalizing features methods through the model

netramanandhar




Educational Application 2: Learning Analytics

Preprocessing Learning Management System Data

Learning Analytics uses data from learning management systems (LMS) to improve teaching, learning, and educational decision-making through proper preprocessing

techniques.
» © %2 =
Clickstream Data Time-based Data Social Interaction Assessment Data
Navigation patterns, page views, resource Session duration, time on content, submission Discussion posts, peer reviews, collaboration Quiz attempts, submission data, grades, feedback
interactions timing metrics
v v v v

@) Key LMS Data Preprocessing Challenges

Irregular Time Intervals Contextual Missing Data Heterogeneous Data Types
Students access materials at varying times and frequencies, Missing interaction data could mean lack of engagement or LMS data includes text, numerical, categorical, and timestamped
creating irregular time series data legitimate non-requirement information
# Solution: Time window aggregation, session-based features # Solution: Context-aware imputation, leveraging course # Solution: Type-specific preprocessing pipelines, feature fusion
structure
</> Raw LMS Log Data = Preprocessed Learning Features
[2023-04-15 09:23:45] user_id=1043, action="view_page", resource="lecture_3" Student Activity Distribution:
[2023-04-15 09:25:12] user7%d=1043, act%on:"playfvit?Ieo", resource:"viQIeo,S" Content View 22%
[2023-04-15 09:28:32] user_id=1043, action="pause_video", resource="video_ 5" Video
- g - |
[2023-04-15 09:30:15] user_id=1043, action="download_file", resource="notes_3.pd Engagement 27%
[2023-04-15 09:42:19] user_id=1043, action="start_quiz", resource="quiz_2" 999
[2023-04-15 09:58:45] user_id=1043, action="submit_quiz", resource="quiz_2" Resource Usage (IS 15%
[2023-04-15 10:01:33] user_id=1043, action="forum_view", resource="discussion_1" Assessment (D 0%
[2023-04-15 10:05:22] user_id=1043, action="post_comment", resource="discussion_ piscussion (D -

Engineered Features:

e Engagement consistency index: 0.72
e Content-to-practice ratio: 1.35

e Social learning participation: Medium
e Video completion rate: 78%

e Assessment performance trend: Positive

Impact of LMS Data Preprocessing

Instructor Insights Personalized Learning Resource Optimization
34% more accurate identification of content areas needing Adaptive content recommendations that improved learning Content utilization analysis led to 28% better resource allocation
improvement based on engagement metrics outcomes by 18% through behavioral pattern analysis and curricular adjustments
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Educational Application 3: Educational Data Mining

9 Preprocessing Educational Datasets

Educational Data Mining (EDM) discovers patterns in large educational datasets to better understand students and their learning environments, requiring specialized
preprocessing techniques.

—] i
— o @
Educational Data Preprocessing Mining Insights
—_— > —_—
Multiple Sources Transform Discover Apply
LMS, surveys, assessments, administrative Clean, integrate, standardize, feature . . - Interventions, personalization, policy
. . Patterns, relationships, clusters, predictions .
data engineering improvement
$$ Specialized P ing for EDM
P pecialize reprocessing Tor
Sequential Pattern Processing Temporal Feature Extraction Text Preprocessing for Education
Transforming timestamped learning activities into sequential Converting raw time data into meaningful features that capture Processing discussion forums, essays, and open-ended responses
patterns to reveal learning pathways and behaviors learning progression and pace to extract educational concepts
¥ Example: Quiz-video-quiz sequences © Example: Time-to-complete trends B Example: Concept extraction from essays

o Knowledge Tracing

@ Student Behavior Modeling
aa
Modeling student knowledge states as they learn different concepts over time Identifying engagement patterns, learning strategies, and metacognitive behaviors
Preprocessing Focus: Mapping questions to knowledge components, sequencing attempts, Preprocessing Focus: Behavior encoding, session segmentation, pattern extraction, feature
normalizing difficulty levels, temporal feature extraction normalization across different activities
A EDM Case Study: Intelligent Tutoring System
The Preprocessing Challenge The Preprocessing Approach
An intelligent tutoring system generated 50 million problem-solving steps from 40,000 students. Raw The team implemented specialized preprocessing that:

data included timestamps, correct/incorrect attempts, hints requested, and solution paths. The

e Mapped problems to knowledge components using Q-matrices
challenge was to transform this raw data into features that could predict knowledge acquisition.

e Created sequential features capturing learning trajectories
e Generated temporal spacing features (time between attempts)

e Extracted struggle indicators (hint usage patterns, incorrect attempts)

© Result: 28% improvement in predicting student mastery compared to baseline
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Case Study: Predicting Student Dropout

=~ Data Preprocessing for Dropout Prediction

A comprehensive look at how effective data preprocessing transforms raw educational data into actionable insights that help identify at-risk students before they drop

out.
The Challenge Available Data
A large university was experiencing a 24% dropout rate, with most students leaving ® Historical student records (5 years, 15,000 students)
during their first year. Traditional identification methods were only catching students * Demographic information

after they had already disengaged. e Course enrollment and grades

The goal: Develop an early warning system to identify at-risk students within the first 8 o

LMS interaction logs
weeks of courses.

® Financial aid data

e Campus resource utilization

® & N e

1. Data Integration 2. Missing Data 3. Feature Engineering 4. Class Balancing

Merged data from 6 separate systems using
student ID as the key

Context-aware imputation based on student
cohorts and historical patterns

Created 42 new features capturing engagement
trends, academic patterns, and social integration

Applied SMOTE technique to address the
24%/76% class imbalance between dropouts and

persisters
Key Challenge: Inconsistent student identifiers

across systems

Key Challenge: 30% of engagement data
missing for evening students

Key Challenge: Converting unstructured LMS
interactions into meaningful metrics Key Challenge: Maintaining realistic synthetic

examples

¥r Top Predictive Features |~ Prediction Performance

Without Preprocessing With Preprocessing

First-month assignment completion rate 0.87 F1: 0.61 Recall: 0.58 Precision: 0.64 F1: 0.85 Recall: 0.89 Precision: 0.82

Weekend learning engagement pattern 0.81
g engag P Lead Time to Identification

Discussion forum participation trend 0.76 Before After
12+ weeks 3-4 weeks

Late submission frequency 0.69

Consistency of LMS access times 0.62

& Real-World Impact

118% 92% $1.2M

Dropout Reduction

Reduced first-year dropout rate through early intervention
programs enabled by the early warning system

Advisor Satisfaction

Academic advisors reported high confidence in the system'’s ability
to identify truly at-risk students

Revenue Retention

Estimated annual tuition revenue preserved through improved

student retention
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Tools for Data Preprocessing

Software and Libraries

A variety of powerful tools are available to streamline and enhance the data preprocessing workflow, from general-purpose libraries to specialized educational data
platforms.

Educational Platforms

n R Ecosystem

Pandas . ] tidyverse <] RapidMiner G
NumPy . dplyr D KNIME C
Scikit-learn . ggplot2 D Orange D
Matplotlib D caret D Weka G

© Most widely used for educational data analysis = Strong in statistical analysis for education research L Visual interfaces for educators with limited coding experience

@ Python Preprocessing Example @® R Preprocessing Example

# Student data preprocessing with pandas import pandas as pd import numpy as
np from sklearn.preprocessing import StandardScaler # Load student data
student data = pd.read csv('student records.csv') # Handle missing values
student datal'attendance'] = student data['attendance'].fillna(

student data.groupby('grade level')['attendance'].transform('mean') ) # Create
engagement feature student datal['engagement score'] = ( 0.4 *

student datal['login frequency'] + 0.3 * student data['submission rate'] + 0.3
* student data['forum posts'] ) # Scale numeric features scaler =
StandardScaler() numeric cols = ['prev _gpa', 'study hours',

'engagement score'] student data[numeric_cols] =

scaler.fit transform(student data[numeric cols])

& Cloud-based Preprocessing Platforms
Google Colab AWS SageMaker

Free Jupyter notebooks environment with GPU
support preprocessing

Enterprise-grade ML platform with built-in - Drag-and-drop interface for data preprocessing

# Student data preprocessing with tidyverse library(tidyverse) library(caret)
# Load student data student data <- read csv("student records.csv") # Handle
missing values student data <- student data %>% group by(grade level) %>%
mutate(attendance = ifelse( is.na(attendance), mean(attendance, na.rm = TRUE),
attendance )) %>% ungroup() # Create engagement feature student data <-

student data %>% mutate( engagement score = 0.4 * login frequency + 0.3 *
submission rate + 0.3 * forum posts ) # Scale numeric features preproc <-
preProcess( student data[, c("prev _gpa", "study hours", "engagement score")],
method = c("center", "scale") ) student data scaled <- predict(preproc,
student data)

Azure ML Studio Kaggle Notebooks
Community platform with educational datasets

workflows and examples
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Best Practices - Guidelines for Effective Data Preprocessing

@ Principles for Preprocessing Success

Following these best practices will help ensure your preprocessing pipeline is robust, reproducible, and leads to high-quality machine learning models.

Q Understand Before Processing

> Thoroughly explore your dataset before
preprocessing

> Document data sources, formats, and potential issues

> Apply domain knowledge to guide preprocessing
decisions

E Document Everything

> Record all preprocessing decisions and rationales
> Track transformations applied to each feature

> Create data dictionaries for preprocessed features

Educational Data Preprocessing Checklist

Before Preprocessing
Define clear learning objectives and target variables
Assess data quality, completeness, and relevance
Consider educational context and domain constraints

Properly split data into train/validation/test sets

e Build a Pipeline

> Create reproducible, automated preprocessing
workflows

> Save preprocessing parameters to apply consistently

> Version control your preprocessing code and
configurations

o Iterate and Evaluate

> Compare model performance with different
preprocessing approaches

> Measure the impact of each preprocessing step

> Be willing to revisit and refine your preprocessing
strategy

During & After Preprocessing

v, Prevent Data Leakage

> Split data before fitting preprocessing transforms
> Avoid using future information to process past data

> Validate preprocessing impact with cross-validation

3¢ Engineer with Purpose

> Create features based on domain-specific insights

> Avoid excessive feature creation that leads to
overfitting

> Balance complexity with interpretability

Apply transformations consistently across data splits

Validate preprocessing impact on model performance

Ensure preprocessing is reversible for result interpretation

Document preprocessing steps for reproducibility
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Future Trends - Emerging Techniques in Data Preprocessing

4 The Next Frontier

The field of data preprocessing continues to evolve with new techniques and approaches that promise to make the process more efficient, effective, and accessible for
educational applications.

AutoML for Preprocessing e Real-time Processing o Privacy-Preserving Methods

Automated systems that intelligently select and optimize Streaming data preprocessing that enables instant Techniques like federated learning and differential

preprocessing steps, making ML more accessible to analysis of student interactions for immediate adaptive privacy that allow preprocessing and learning from

educators without technical expertise. learning interventions. sensitive student data without compromising privacy.
Educational Impact: Enables teachers to create personalized Educational Impact: Facilitates immediate personalized Educational Impact: Enables ethical use of student data while
learning models without data science expertise feedback and dynamic learning paths maintaining confidentiality

Multimodal Preprocessing o Al-Assisted Feature Engineering Transfer Learning
Advanced techniques to process and integrate different Al systems that can automatically discover, generate, and Reusing preprocessing strategies and feature
types of educational data: text, audio, video, select optimal features from educational data, finding representations across different educational contexts and
physiological signals, and behavior metrics. patterns humans might miss. datasets.
Educational Impact: Holistic understanding of learning Educational Impact: Identifies subtle learning patterns that Educational Impact: Allows smaller institutions to benefit from
processes across multiple dimensions improve predictive accuracy preprocessing knowledge developed on larger datasets

3 Emerging Research Areas

Causal Preprocessing Self-supervised Learning Neuromorphic Processing Quantum Preprocessing
Techniques that preserve causal relationships in Using unlabeled educational data more Brain-inspired preprocessing that mimics Leveraging quantum computing for
educational data for better intervention design effectively through automated feature creation human learning patterns exponentially faster preprocessing of complex

educational datasets
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Thank You

For questions or collaborations, please feel fre
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