To Identify Learning Path for Novice Programmer Based on Semi-supervised Dataset
Using Proposed Machine Learning Algorithm

Chapter 5

Development of proposed Machine Learning Algorithm

5.1 The AECW Algorithm

This advanced model was actually devised to handle classification challenges under
heavy interference by both data complexity and task variability. The method, with
AECW, integrates the benefit of ensemble learning with innovative complexity-aware
weighting. Such a method is specifically more suitable for applications like adaptive
learning, which requires suggestions on a tailored basis. AECW fundamentally
combines predictions of many base learners, including Random Forest and XGBoost,
by a meta-learning framework. Base learners individually examine the data and look
for different correlations that can be established between characteristic and target
variables, whereas the metalearner aggregates their outputs correctly to yield the final
prediction. Unlike other approaches, AECW takes focus at training time on complex
instances so that the model has the ability to generalize very well across different levels

of complexity.

The complexity-aware weighting mechanism is an important component of the AECW
algorithm. Many real-world data sets have jobs or pieces of data with different levels
of complexity. In education programs in computer science, some of the projects contain
ideas that are harder to learn because of their complexity. When learning, AECW puts
weights on the hard cases encountered; therefore, it makes a focus on those fragments
of data increases the model's capability of producing the right prediction at challenging
times without missing easy ones. This is done based on measures developed and
involving such aspects as the number of errors, levels of task complexity, and number
of attempts. Using this weighing mechanism, AECW balances so efficiently between
handling both ordinary and complex jobs to ensure the resultant performance in all

subsets of data is robust.

The meta-model integration technique by AECW enhances the flexibility and precision
of the whole method. Once the basic models such as Random Forest and XGBoost are

trained with the data weighted by complexity, the predictions are then fed into a meta-
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learner. The meta-learner will use these intermediate predictions as input features for
final classification decisions. Thus, in this layered design, the whole AECW could
profit from the strong capabilities of each base learner to balance their specific

weaknesses.

Algorithm AECW

Input: Dataset D, Complexity Levels C_i, Base Models M, Iterations T

Output: Final Predictions P

1. Preprocess dataset D:
a. Handle missing values
b. Normalize numerical features

c. Encode categorical variables

2. Initialize instance weights W:
for each instance 7 in D:
WIJi]=C_i
Normalize W such that sum(W) =1

3. for iteration = 1 to T do:
a. Train each base model M_k in M using D with weights W
b. Collect predictions P_k from each model M_k
c. Adjust weights W for each instance:
W][i] = W[i] * (1 + Error Rate_i)
Normalize W

d. Train meta-learner M_meta using predictions P_k

4. Evaluate M_meta on validation data using metrics (Accuracy, Precision,
Recall, F1-Score)

5. Return final predictions P from M_meta

Figure 5.1: AECW Algorithm
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For example, Random Forest performs easily on noisy data but XGBoost is optimized
for dense feature sets with complex interactions. The accumulation of the different
outputs by AECW guarantees better generalization and performance. Further, the
dynamic amendment of feature importance across training iterations makes the system
sensitive to changes in patterns of the dataset. AECW possesses dynamic characteristics
that make it suitable for use where detailed decision-making is necessary. Some
examples are in adaptive learning systems, which often require evaluation of the student

performance to facilitate delivery of suggestions.

The code is a machine learning method, known as the Adaptive Ensemble Classifier
with Complexity-Aware Weighting (AECW) algorithm, which integrates the
predictions of many base models into a meta-learning framework to improve the
accuracy of classification. It initially preprocesses the data set by removing extraneous
columns, encoding target labels, and normalizing numerical variables like complexity
and error counts. The levelOfComplexity feature determines weights that take into
account complexity, such that more weights are provided to harder instances so the

model ensures that tough jobs are given priority while training.

Stratified sampling divides data into the training and test sets without altering the
distribution of the class. The base models are then trained on a stratified cross-
validation on both the Random Forest and XGBoost. All of these models have been
independently trained on a complexity-sensitive set of weights; these models predict all
their own validation folds to later usage for the meta-learner model-a logistic
regression. The meta-learner combines the strengths of the basic models, learning to

appropriately weight their predictions for final classifications.

For evaluation, the model is tested on unseen data by combining predictions from the
base models and transitory them to the Meta-learner for conclusive predictions. The
overall performance is measured in terms of precision, F1-score, recall, and accuracy.
This technique demonstrates how AECW apply ensemble learning, complexity-aware
weighting, and meta-learning to achieve robust and adaptive classification
performance. Its ability to handle various inputs renders it specifically efficient in

computation when complexity-aware weights are provided. It is therefore mainly
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adopted for applications such as personalized task recommendations and adaptive

learning for users.

5.2 Comparison of AECW with Traditional ML Algorithms

AECW is the Adaptive Ensemble Classifier with Complexity-Aware Weighting
algorithm-a novel method for solving complex problems in classification, especially
when the examples of data are very heterogeneous in terms of complexity. Although
there are some of the good old machine learning algorithms such as KNN, Decision
Tree, Random Forest, XGBoost which have become useful for many particular tasks,
they don't hold a few advanced features that help AECW in achieving dynamic,

customized, and context-sensitive tasks.

5.2.1 K-Nearest Neighbors (KNN) vs. AECW
KNN is a very straightforward, instance-based learning approach wherein a data
point is classified based on the most common label of its nearest neighbors.
KNN is intuitive and quite successful for small datasets of low-dimensional

characteristics but still has some shortcomings that AECW addresses.

Controlling Data Complexity: KNN treats all points of data uniformly, which
does not distinguish between difficult and easy ones. This tends to result in
suboptimal performance when the training set is imbalanced, or the training set
comprises both easy and challenging tasks. AECW takes a complex-aware
weighted approach that will give more emphasis on complex instances, thereby

making the model perform better in learning from complicated data points.

Global vs Local Learning: KNN is strictly local; it generates predictions
entirely based on the proximity of neighboring data points. This local approach
decreases effectiveness for datasets that have global patterns or
interdependencies among features. AECW use ensemble learning to represent
both local and global connections in the data, which allows better

generalization.
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Scalability: KNN is very expensive in terms of processing at inference time
since it needs to compute distances for all training data points for every
prediction. AECW, including its ensemble and meta-learning architecture, is

designed to scale, so it's more suitable for large datasets.

5.2.2 Decision Tree vs. AECW
A Decision Tree is one of the most widely used tree-based methods that
partitions the data into subsets based on feature values to establish a decision
pathway. Though successful for simple datasets, Decision Tree has several
limitations that AECW resolves.

Overfitting: Decision Trees suffer from overfitting, especially when the depth
is not controlled. AECW addresses this problem through ensemble learning,
whereby a number of base models, including tree-based models, are combined

to reduce variance and increase robustness.

Bias-Variance Tradeoff: Decision Trees tend to suffer from high variance or
high bias based on their implementation. AECW incorporates models such as
Random Forest and XGBoost as its base learners, which achieve an optimal

balance between bias and variance and thus enhance accuracy.

Managing Complexity: Decision Trees partition data according to thresholds
and treat all occurrences the same. AECW's complexity-aware weighting favors
training on more complex examples, furthering the model's capability to

manage varied and demanding tasks with greater efficacy.

Meta-Learning: The Decision Tree acts as an independent model whereas
AECW combines the predictions of several base learners by using a meta-
learning strategy, which enables it to identify relationships and patterns that may

be missed by a single Decision Tree.
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5.2.3

5.24

Random Forest vs. AECW
Random Forest is an ensemble method based on decision trees, and it is highly
valued for its robustness and noise tolerance. However, AECW has several

improvements over Random Forest.

Weighted Training: AECW training imparts the uniform importance of
Random Forest to all data points. This could bring to bad performance on
datasets including tasks that are of variable difficulty. Complexity-aware
weighting of AECW counters the above disadvantage by favoring complicated
cases, hence giving it a boost in competence for adaptive learning type tasks.

Task-Specific Adaptability: Random Forest is an extremely adaptive
classifier. AECW is designed for the kind of tasks that involve dynamic
adaptations, such as suggesting activities based on the student's performance. In
this sense, AECW is more contextually aware and thus more appropriate for

educational use.

Meta-Model Integration: AECW improves upon averaging or majority voting
to attain final predictions through meta-learner integration combining the output
of Random Forest with the base models like XGBoost. This gives better

prediction accuracy and robustness.

Feature importance: The Random Forest algorithm does indeed output feature
importance, but AECW actively adjusts feature weights during the training
process to highlight traits most relevant to the given task, such as complexity or

error rates.

XGBoost vs. AECW

XGBoost is a heavy gradient-boosting technique that achieves high efficiency
and superior performance with competitive machine learning applications.
AECW extends XGBoost by adding additional features intended for complex

and versatile tasks.
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Awareness Complexity: XGBoost reduces some loss function iteratively.
Nevertheless, it does not care essentially about data point difficulty. AECW, on
the other hand includes complexity delicate weighting at the level of each layer,
allowing it to pay more attention to a difficult task while simultaneously

learning a relatively easier one.

Meta-Learning Capability: XGBoost is a specific algorithm that has been
optimized for boosting and establishes meta-learning aptitude. AECW
combines XGBoost with several other models, such as Random Forest, and
makes final calculations using a methodology that can be classified under meta-
learning. This hybrid approach makes AECW possible to influence the strengths
of several models.

Dynamic Feature Importance: XGBoost ranks features based on their
contribution to the prediction model. AECW improves the training process as it
dynamically changes feature importance during iterations, thus focusing on

issues like task complexity and error rates when necessary.

Feature KNN Decision Tree Random Forest XGBoost AECW
- i Ensemble - Ensemble + Meta-
Learning Type Instance-hased Tree-based (Bagging of Trees) Gradient Boosting Learning
Complexity Awareness No No No No Yes
Feature Importance No Static Static Static Dynamic
pe B (Split-based importance) | (Mean decrease impurity) | (Gain-based importance) | (Complexity-weighted)
Overfitting Risk High High Low Low Very Low .
- - (due to meta-learning)
Scalability Low Medium High Very High High
Weighting Mechanism None None None None Complexity-aware
weighting
Error Handling Poor Poor Good Excellent Excellent
Performance on .
- Poor Moderate Good Excellent Excellent
Complex Tasks
Adnptability t Tk Low Moderate High High Very High
Diversity = S
Handlmgnl::alnnced Poor Moderate Good Excellent Excellent
Model Integration Single Model Single Model Multiple Trees Single Boosted Model | Ensemble + Meta-Model
Generalization -
Capability Low Moderate High High Very High
Cnmpum.ulnn Cost Low Low Medium High High
(Training) g g
Computation Cost . -
High Low Medium Low Low
{Inference) =
Use Cases Simple, Small Datasets |Rule-based Classifications Noisy Data, Large Complex ]ntcriicnon& !\dapll\-‘c_ Systems,
Datasets Feature-rich Personalized Tasks

Figure 5.2: Comparison of AECW with traditional algorithms
XGBoost does not have inherent features for adaptive task recommendation.
AECW's design specifically supports this feature, making it highly suitable for

systems that require personalized learning or adaptive workflows.
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5.2.5 Applications and Practical Advantages
The specific features of AECW make it especially effective in situations in
which traditional models are not sufficient. In adaptive learning systems, which
intend to recommend tasks based on the current performance of a learner,
AECW proves its superiority by:
e Classify the learners correctly into fast, medium, and slow categories on
task performance.
e Dynamically suggest tasks to avoid over-challenging or overloading
learners.
e Balancing unbalanced datasets with varying levels of job complexity to

ensure fair and accurate predictions.

AECW represents a significant leap in overcoming classification problems that
traditional machine learning algorithms struggle with, through complex
techniques like complexity-aware weighting, dynamic feature significance
adjustment, and meta-learning. Its adaptability, robustness, and contextual

sensitivity make it a powerful tool for modern, customized applications.
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