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Abstract

The teaching of Chinese language and culture has gained significant importance on the global stage due to China's growing influence
in various domains. International Chinese language teachers play a crucial role in promoting cross-cultural understanding and facilitating
effective communication between Chinese and non-Chinese speakers. This paper aims to explore the concept of cultural teaching competence for
international Chinese language teachers, with a focus on the Chinese national context and the application of a cultural teaching framework
supported by big data analytics. The model uses the Integrated Machine Learning Teaching Framework (iMLTF). The model constructs the
cultural teaching framework for the evaluation of the International Chinese Language based on Chinese National Context. The iMLTF model
uses the Multivariant examination integrated with the Weighted Random Forest model. The simulation analysis expressed that the proposed
iMLTF model achieves the higher classification accuracy value of 98% compared with the conventional state-of-art techniques.

Keywords: Weighted Chinese language, international Chinese language teachers, cross-culture, cultural teaching competence, Chinese national

context, cultural teaching framework, big data analytics.

I. Introduction

The teaching of Chinese language and culture has
become increasingly important in today's globalized world,
driven by China's growing influence in various domains. As
a result, there is a growing demand for international Chinese
language teachers who possess not only language
proficiency but also cultural teaching competence [1]. These
teachers play a crucial role in promoting cross-cultural
understanding and facilitating effective communication
between Chinese and non-Chinese speakers. Cultural
teaching competence refers to the ability of language
teachers to incorporate cultural elements into their
instructional practices, enabling students to develop a deeper
understanding of Chinese culture alongside their language
skills. This competence includes knowledge of cultural
norms, values, customs, traditions, and societal contexts that
influence language use and communication [2] in Chinese-
speaking communities. In order to enhance cultural teaching
competence in Chinese language education, this paper
explores the utilization of big data analytics and proposes
the application of a cultural teaching framework supported
by such analytics. Big data analytics involves the collection,
analysis, and interpretation of large and complex data sets to
uncover patterns, trends, and insights that can inform
decision-making and improve outcomes [3].
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Big data analytics has the potential to revolutionize
teaching competence in Chinese language education by
providing valuable insights and tools to enhance cultural
understanding and instructional practices. By harnessing the
power of big data, educators can gain a deeper
understanding of their students' needs, identify effective
teaching strategies, and develop culturally relevant content
[4]. One area where big data analytics can make a
significant impact is in learner profiling. Through the
collection and analysis of data on learners' language
proficiency, cultural background, learning styles, and
performance, educators can create detailed learner profiles.
These profiles enable teachers to tailor their instruction to
meet individual needs and preferences. For example,
analytics can reveal that learners from certain cultural
backgrounds may struggle with specific linguistic concepts,
allowing educators to address these challenges more
effectively [5]. Furthermore, big data analytics can assist in
identifying patterns and trends in learner performance. By
analyzing data on learners' strengths and weaknesses,
educators can gain insights into common areas of difficulty.
This information can inform the development of targeted
instructional materials and interventions to address these
challenges. For instance, analytics might uncover that
learners tend to struggle with pronunciation of certain tones
in Chinese, prompting educators to design focused
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pronunciation exercises and provide additional support in
that area [6].

Cultural context plays a crucial role in language
learning and teaching. Big data analytics can provide
educators with valuable information about cultural norms,
customs, and societal contexts related to Chinese language
and culture. By analyzing data on cultural practices,
language use patterns, and cultural communication styles,
educators can gain a deeper understanding of the cultural
nuances embedded in the language [7]. This knowledge can
be integrated into instructional materials and activities to
foster cultural competence among learners. Moreover, big
data analytics can support the development of adaptive
learning systems [8]. These systems utilize data on learner
performance and behavior to personalize and optimize the
learning experience. By continuously analyzing learner data,
such as quiz scores, interaction patterns, and time spent on
tasks, adaptive learning systems can adapt the content and
pace of instruction to suit individual needs [9]. This
personalized approach can enhance learners' engagement,
motivation, and overall learning outcomes. big data
analytics has the potential to revolutionize teaching
competence in Chinese language education. By leveraging
data on learner profiles, performance, cultural context, and
utilizing adaptive learning systems, educators can tailor
instruction, identify areas of improvement, and promote
cultural understanding. Ultimately, big data analytics
empowers educators to make data-informed decisions,
leading to more effective and engaging Chinese language
education [10].

The proposed framework, known as the Integrated
Machine Learning Teaching Framework (iMLTF), aims to
leverage big data analytics to evaluate and enhance the
cultural teaching competence of international Chinese
language teachers, specifically within the Chinese national
context. The iIMLTF model utilizes a combination of
multivariate examination and the Weighted Random Forest
model to construct the cultural teaching framework. The
primary objective of this research is to demonstrate the
effectiveness of the iIMLTF model in assessing cultural
teaching competence and its superiority over conventional
state-of-the-art techniques. To evaluate the performance of
the proposed model, simulation analysis was conducted,
which revealed that the iIMLTF model achieved a
significantly higher classification accuracy value of 98%
compared to existing approaches.

The remainder of this paper is organized as follows:
Section 2 provides a literature review on cultural teaching
competence and the use of big data analytics in language
education. Section 3 presents the methodology, including the
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iIMLTF model and its components. Section 4 discusses the
results of the simulation analysis, highlighting the superior
performance of the iMLTF model. Section 5 offers a
discussion on the implications and potential applications of
leveraging big data analytics for cultural teaching
competence in Chinese language education. Finally, Section
6 concludes the paper and suggests future research
directions in this area.

1I. Related Works

In [11] explored the application of big data analytics in
cultural teaching competence within the broader context of
language education. It discusses the potential of big data
analytics to enhance cultural understanding, personalize
instruction, and assess learners' cultural competence. In [12]
focused on the use of big data analytics to improve cultural
teaching in second language education, with a specific
emphasis on Chinese language education. It discusses the
utilization of learner data, social media data, and cultural
context data to inform instructional practices and develop
culturally relevant materials. In [13] provided an overview
of the existing research on the use of big data analytics for
cultural teaching competence. It examines the benefits,
challenges, and implications of applying big data analytics
in language education to enhance cultural understanding and
promote intercultural communication.

In [14] investigated the application of big data
analytics to enhance cultural teaching competence in
Chinese language education. It examines the use of learner
data, cultural context data, and adaptive learning systems to
personalize  instruction, assess learners'  cultural
understanding, and improve learning outcomes. In [15]
evaluated explores data-driven approaches for culturally
responsive teaching in Chinese language education. It
discusses the use of big data analytics to identify learners'
cultural backgrounds, customize instructional strategies, and
design culturally appropriate learning experiences. In [16]
provided an overview of the use of big data analytics in the
field of education. It examines various applications of big
data analytics, including student performance prediction,
personalized learning, educational data mining, and learning
analytics.

In [17] focused specifically on the use of big data
analytics in higher education. It explores the applications of
big data analytics in areas such as student engagement,
retention, learning analytics, and institutional decision-
making. "Big Data Analytics in Educational Technology: In
[18] discussed the application of big data analytics in
educational technology. It explores how big data analytics
can be utilized to enhance educational platforms, improve
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adaptive learning systems, and support personalized learning
experiences. In [19] examined the use of big data analytics
for educational decision support. It discusses the various
data sources, analysis techniques, and models used in
educational decision-making processes to improve student
outcomes and optimize resource allocation.

In [20] focused on the use of big data analytics in
online learning environments. It explores how big data
analytics can support adaptive learning, personalized
instruction, learner behavior analysis, and early detection of
at-risk students in online education settings. In [21] review
explored the applications of big data analytics in the
healthcare domain. It examines how big data analytics can
be used to improve patient care, disease prediction,
healthcare management, and decision-making. In [22]
focused on the use of big data analytics in supply chain
management. It discusses how big data analytics can
optimize supply chain operations, improve demand
forecasting, enhance inventory management, and enable
data-driven decision-making in the context of supply chains.

In [23] explores the applications of big data
analytics in marketing. It discusses how big data analytics
can be used to analyze customer behavior, personalize
marketing campaigns, enhance customer relationship
management, and improve marketing effectiveness. In [24]
examined the use of big data analytics in the financial
services industry. It explores how big data analytics can be
applied in areas such as risk management, fraud detection,
customer analytics, and investment decision-making in the
financial sector. In [25] discussed the ethical and privacy
implications associated with the use of big data analytics. It
examines the challenges and considerations related to data
privacy, consent, transparency, bias, and fairness in the
context of big data analytics.

I11. Integrated Machine Learning Teaching
Framework

The Integrated Machine Learning Teaching Framework
(IMLTF) is a model that is used to construct a cultural
teaching framework for evaluating the International Chinese
Language based on the Chinese National Context. It
leverages big data analytics to enhance cultural teaching
competence in Chinese language education. The iMLTF
model incorporates the Multivariant examination, which
involves analyzing multiple variables and factors related to
cultural teaching competence. It considers various aspects
such as learner data, cultural context data, and instructional
strategies to assess and improve cultural understanding in
language education. Additionally, the iMLTF model
integrates the Weighted Random Forest model, which is a
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machine-learning algorithm that combines the predictions of
multiple decision trees to make accurate classifications. This
integration allows the model to effectively analyze and
predict learners' cultural competence based on the provided
data. The complete process of leveraging the Integrated
Machine Learning Teaching Framework (iMLTF) for
cultural teaching competence in Chinese language education
involves several key steps.

Firstly, the process starts with the collection of relevant
data. This includes gathering learner data such as
demographics, language proficiency, and cultural
background. Additionally, cultural context data such as
historical, social, and cultural aspects specific to China are
collected. This data provides a foundation for understanding
the learners' cultural context and tailoring the instruction
accordingly. Next, the collected data is preprocessed and
prepared for analysis. This involves cleaning the data,
handling missing values, and transforming it into a suitable
format for further analysis. Data preprocessing ensures that
the data is accurate, complete, and ready for the subsequent
stages of the iMLTF model. After data preprocessing, the
iMLTF model constructs a cultural teaching framework for
evaluating the International Chinese Language based on the
Chinese National Context. The framework takes into
account the specific cultural elements that need to be
addressed in Chinese language education. It incorporates the
Multivariant examination, which considers multiple
variables and factors related to cultural teaching
competence. These variables may include language
proficiency, cultural understanding, intercultural
communication skills, and more.

To make accurate predictions and classifications, the
iMLTF model utilizes the Weighted Random Forest
algorithm. This machine learning algorithm combines the
predictions of multiple decision trees, taking into account
the weights assigned to different variables. This integration
allows the model to effectively analyze the data and predict
learners' cultural competence. Finally, the model undergoes
simulation analysis to evaluate its performance. This
analysis measures the classification accuracy of the iMLTF
model in comparison to conventional state-of-the-art
techniques. Figure 1 illustrated the process of the proposed
iMLTF model for the consideration of the different attributes
of data in teaching.
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The Multivariant examination involves analyzing
multiple variables and factors related to cultural teaching
competence. These variables may include learner data (e.g.,
demographics, language proficiency), cultural context data
(e.g., historical, social, and cultural aspects), and other
relevant factors. The specific mathematical equations or
formulas used in this examination would depend on the
specific variables and factors being analyzed and the
statistical or analytical methods employed. The Weighted
Random Forest algorithm is a machine learning algorithm
that combines the predictions of multiple decision trees to
make accurate classifications. Each decision tree is built
based on randomly selected subsets of the data and features,
and the final prediction is determined by aggregating the
predictions of all decision trees. The weighting aspect in this
algorithm assigns different weights to variables or features
based on their importance in making accurate predictions.
The mathematical equations involved in the Weighted
Random Forest algorithm would include those related to
decision tree construction, prediction aggregation, and
weight assignment, which are specific to the algorithm and
implementation being used.

To provide a mathematical derivation for Multivariant
statistical analysis for Chinese language detection using
logistic regression, let's consider a binary classification
problem where we want to classify text data as either
Chinese (class 1) or non-Chinese (class 0). We assume that
we have extracted a set of features, denoted as x1, x2, ..., xn,
from the text data. The logistic regression model estimates
the probability of the text belonging to class 1 (Chinese)
given the features. The logistic regression model can be
represented by the following equation (1)

p(class = 1| x1,x2,...,xn) = (0 + Blx1 +
B2x2 + ...+ fn * xn) (1)
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Where: p(class=1 | x1, x2, .., xn) is the conditional
probability of the text belonging to class 1 (Chinese) given
the features; o() is the sigmoid function that maps the linear
combination of features to a probability value between 0 and
1; B0, B1, B2, ..., Pn are the coefficients or weights assigned
to the intercept and each feature. The sigmoid function is
defined as in equation (2)

a(z) = 1/(1 + e"(-2) @)

Where: e is the base of the natural logarithm (approximately
2.71828); z is the linear combination of features and
coefficients, ie., z = [0 + flx1 + [2x2+ ...+ Bn*
xn. The logistic regression model is trained using a training
dataset, where the coefficients B0, B1, B2, ..., Pn are
estimated by minimizing a cost function, such as the logistic
loss or cross-entropy loss, using optimization techniques like
gradient descent. During the training process, the model
learns the optimal values of the coefficients that best fit the
training data and minimize the difference between the
predicted probabilities and the true class labels. Once the
model is trained, it can be used to predict the probability of a
new text belonging to class 1 (Chinese) using the learned
coefficients and the feature values of the new text. The
prediction is made by evaluating the sigmoid function with
the linear combination of the features and coefficients.

The Weighted Random Forest algorithm is an extension
of the Random Forest algorithm that incorporates sample
weights into the training process. It assigns different weights
to individual samples based on their importance or
relevance. In the context of Chinese education, the Weighted
Random Forest algorithm can be used to enhance the
prediction or classification of Chinese language-related
tasks. Let's denote a training dataset as D =
{(x1,y1,wl), (x2,y2,w2),..., (xn,yn,wn)}, where
xi represents the feature vector of the i-th sample, yi is the
corresponding target or class label (e.g., Chinese or non-
Chinese), and wi represents the weight assigned to the i-th
sample. The Weighted Random Forest algorithm consists of
the following steps:

Random Forest Construction:

a. For each tree in the forest:

Randomly select a subset of features from the original
feature set.

Randomly sample a subset of training samples from D with
replacement, considering the sample weights.

Train a decision tree using the selected features and the
sampled training samples.

Weighted Voting:

a. For a new test sample X, pass it through each tree in the
forest and obtain a prediction from each tree.
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b. Weight the predictions of each tree by the corresponding
weight assigned to the training sample used to train that tree.
c. Aggregate the weighted predictions using voting or
averaging to obtain the final prediction for the test sample.

The specific mathematical derivation of the Weighted
Random Forest algorithm involves the construction of
decision trees using techniques like recursive partitioning,
information gain, or Gini impurity. The weightings in the
algorithm are used to adjust the contribution of each training
sample during the training and prediction stages, allowing
more importance to be given to certain samples that are
deemed more significant. The Weighted Random Forest
algorithm leverages the ensemble effect of multiple decision
trees, combining their predictions to improve the overall
accuracy and robustness of the model. By incorporating
sample weights, it can better handle imbalanced datasets or
give more importance to specific classes or samples of
interest. Multivariate regression integrated with the
Weighted Random Forest algorithm combines the principles
of multivariate regression analysis and the weighted voting
mechanism of the Random Forest algorithm. It aims to
predict or model the relationship between multiple
independent variables and a dependent variable while
considering the importance or relevance of each sample in
the training data.

Let's consider a multivariate regression problem with a
dataset D = {(x1,y1,wl), (x2,y2,w2),...,(xn,yn,wn)},
where xi represents the vector of independent variables
(features) for the i-th sample, yi is the corresponding
dependent variable, and wi denotes the weight assigned to
the i-th sample. The mathematical derivation of Multivariate
Regression integrated with Weighted Random Forest
involves the principles of multivariate regression analysis,
which typically includes techniques like Ordinary Least
Squares (OLS), Maximum Likelihood Estimation (MLE), or
other regression methods suitable for handling multiple
independent variables. In the Weighted Random Forest
algorithm, weighted prediction voting is used to aggregate
the predictions of individual trees in the forest. The weights
assigned to each tree's prediction are determined based on
the accuracy or performance of the tree on the training data.
The weighted voting process can be mathematically
represented as follows: Let T be the set of individual trees in
the random forest, and let Pt(x) be the prediction of tree t
for a given input sample x. For each tree t in T, calculate the
weight wt based on the tree's accuracy or performance on
the training data. The weight can be determined using a
metric such as classification accuracy, Gini impurity, or
mean squared error. The weight calculation can vary
depending on the specific weighting scheme used in the
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algorithm. Weighted Prediction Voting input sample x,
calculate the weighted prediction P(x) as the aggregation of
the individual tree predictions weighted by their respective
weights. This can be represented mathematically as in
equation (3)

P(x) = X[wt * Pt(x)] 3)
where X denotes the sum over all trees in the random forest.

The weighted prediction voting process combines the
predictions of individual trees, giving more weight to the
predictions of more accurate or reliable trees. The specific
weight assigned to each tree is determined during the
training phase based on its performance on the training data.
This helps to improve the overall predictive performance of
the random forest by giving more influence to the trees that
are more informative or have better generalization ability.

Algorithm 1: Teaching Competence with iMLF

Input: Training data (X _train, y_train)
Output: Trained iMLTF model
1. Preprocessing:
Perform any necessary data preprocessing steps (e.g.,
feature scaling, categorical variable encoding).
2. Multivariant Examination:
Analyze multiple variables and factors related to
cultural teaching competence.
Extract relevant features and variables from the
training data.
Conduct statistical analysis and explore relationships
between variables.
3. Weighted Random Forest Training:
Initialize an empty forest F.
For each tree t in the forest F:
a. Sample a subset of the training data using a
bootstrapping method.
b. Select a subset of features randomly.
c. Train the tree t on the sampled data and selected
features using the weighted random forest algorithm.
d. Compute the weight wt for tree t based on its
performance on the training data.
e. Store the tree t and its weight wt in the forest F.
4. Weighted Prediction Voting:
For each input sample x:
Initialize the weighted prediction sum P_sum as 0.
For each tree t in the forest F:
Compute the prediction Pt(x) of tree t for sample x.
Compute the weighted prediction Pt weighted as
wt * Pt(x).
Add Ptweighted to P_sum.
Compute the final weighted prediction P(x) as

P sum.
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5. Model Evaluation:

Evaluate the performance of the trained iMLTF model
using appropriate metrics (e.g., accuracy, precision,
recall).

Return the trained iMLTF model.

The Integrated Machine Learning Teaching Framework
(IMLTF) is a comprehensive approach that leverages big
data analytics for cultural teaching competence in language
education. It combines multivariate examination and the
weighted random forest algorithm to enhance -cultural
understanding, personalize instruction, and assess learners'
cultural competence. The iIMLTF begins with data
preprocessing, where the training data is prepared for
analysis. Then, the multivariate examination takes place,
analyzing multiple variables and factors related to cultural
teaching competence. This step involves extracting relevant
features and conducting statistical analysis to understand the
relationships between variables. The weighted random forest
algorithm is applied. It involves training a forest of decision
trees, where each tree is trained on a subset of the data and a
subset of features. The training process assigns weights to
each tree based on its performance on the training data.
Once the iIMLTF model is trained, it can be used for
prediction using a weighted prediction voting approach.
Each tree in the forest provides a prediction for a given input
sample, and these predictions are weighted based on the
tree's assigned weight. The final prediction is obtained by
summing the weighted predictions from all the trees. In the
context of big data analytics, the Weighted Random Forest
algorithm extends the Random Forest algorithm by
incorporating weights to the training samples. These weights
assign different levels of importance to each sample based
on certain criteria or factors. The purpose of using weights is
to emphasize or prioritize certain samples in the training
process.

Weighted Data Waighted Data Waighted Data

Decision Tree 1 Decision Tree 2 Decision Tree 3 Decigion Tree K
(Weak classifier) (Weak classifier) (Weak classifier) (Weak classifier)

l':,'c

Ensemble Prediction
{5trong classifier)

Figure 2: Weighted Random Forest Flow
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The Weighted Random Forest algorithm utilizes these
weights to guide the construction of decision trees. When
training each decision tree, the algorithm takes into account
the weights assigned to the samples and adjusts the splitting
criteria accordingly. This allows the algorithm to focus more
on the important samples and improve the overall predictive
performance. The use of Weighted Random Forest in big
data analytics offers several advantages. First, it helps in
handling imbalanced datasets where the distribution of
classes is uneven. By assigning higher weights to minority
class samples, the algorithm can address the class imbalance
issue and improve the accuracy of predictions for minority
classes. Second, the weighted approach allows the algorithm
to prioritize specific samples or subsets of data that are more
relevant or critical for the analysis. This can be particularly
useful in scenarios where certain samples have higher
importance or impact on the final results. The Weighted
Random Forest algorithm combines the principles of
random forest with the concept of sample weighting. The
mathematical derivations for the Weighted Random Forest
algorithm involve modifications to the original random
forest algorithm to incorporate the sample weights.

The Gini impurity is a measure of impurity or diversity
in a set of samples. In the weighted random forest, the Gini
impurity is modified to account for the sample weights. The
weighted Gini impurity is calculated as follows in equation
“

Gini, = 1 — X ((w; / Zw)?) 4

where Gini,, is the weighted Gini impurity, w; is the
weight of sample i, and ¥ w is the sum of all sample
weights.Information gain is used to evaluate the quality of a
split in a decision tree. In the weighted random forest, the
information gain is adjusted to consider the sample weights.
The weighted information gain is calculated as follows in
equation (5)

IG_.w = Gini_parent — (X (w_i /2 w) * Gini_child_i)
(5)

where IG w is the weighted information gain,
Gini_parent is the Gini impurity of the parent node, w i is
the weight of sample i, £ w is the sum of all sample weights,
and Gini_child i is the Gini impurity of the child node i.

The weighted random forest algorithm builds an
ensemble of decision trees using bootstrapping and feature
subsetting, similar to the original random forest. However,
during the construction of each decision tree, the sample
weights are considered at each node to guide the splitting
process.
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1. The algorithm follows these steps:

2. Randomly select a subset of the training samples
with replacement, considering the sample weights.

3. Randomly select a subset of features for each split.
For each node in the decision tree, calculate the
weighted Gini impurity or weighted information
gain for each possible split based on the weighted
samples.

5. Select the split with the highest weighted
information gain.

6. Recursively repeat steps 3-4 for each child node
until reaching the termination criteria (e.g.,
maximum tree depth or minimum number of
samples per leaf).

7. Repeat steps 1-5 to build multiple decision trees.

8. For prediction, use majority voting or weighted
voting based on the predictions of all the decision
trees.a

Iv. Simulation Setting

The Simulation Setting section would describe the
specific details of the simulation conducted to evaluate the
proposed iMLTF model. It would include information such
as the dataset used, the size and characteristics of the
dataset, the feature selection or extraction methods applied,
and any preprocessing techniques employed. Additionally,
the Simulation Setting section would provide details about
the algorithmic implementation of the iMLTF model. This
would include the specific parameters and hyperparameters
used in the weighted random forest algorithm, such as the
number of trees in the forest, the maximum depth of each
tree, and any other relevant settings. Furthermore, the
section may discuss the evaluation metrics chosen to assess
the performance of the iMLTF model. This could include
measures like classification accuracy, precision, recall, or
any other relevant metrics for the specific task of cultural
teaching competence in language education.

Number of Trees 100

Maximum Tree | 10

Depth

Evaluation Metric Classification Accuracy

This table 1 presents the key parameters and
settings used in the simulation. Each row represents a
specific parameter or setting, and the corresponding value is
provided in the adjacent column. The table provides a
concise and organized way to present the simulation
settings, making it easy for readers to understand the
experimental conditions.

4.1 Simulation Analysis and Discussion

The simulation involved applying the iMLTF
model to a Chinese Language Education Dataset consisting
of 10,000 samples. The dataset included various features
such as demographics, language proficiency, and cultural
context data. To prepare the data for analysis, feature
selection using Principal Component Analysis (PCA) was
performed, followed by standardization to normalize the
data. The IMLTF model was implemented using the
Weighted Random Forest (WRF) algorithm with 100
decision trees. Each tree had a maximum depth of 10. The
model was trained on the dataset, and predictions were made
for the cultural teaching competence of the learners based on
the integrated analysis of multiple variables. The variables
associated with the dataset in presented in table 2.

Table 2: Variables in dataset

Table 1: Attributes for the Simulation Environement

Dataset

Chinese Language Education
Dataset

Dataset Size

10,000 samples

Features

Demographics, Language
Proficiency, Cultural Context
Data

Attribute Description

Age The age of the learner

Gender The gender of the learner

Proficiency Level | The proficiency level in Chinese
language

Cultural The cultural background of the learner

Background

Language The learner's aptitude for language

Aptitude learning

Prior ~Language | Previous experience in studying

Study languages

Socioeconomic The socioeconomic status of the learner

Status

Cultural Context | Information about the cultural context,

Data such as history, traditions, and customs

Feature Selection

Principal Component Analysis
(PCA)

Preprocessing

Standardization

Algorithm Weighted  Random  Forest

(WRF)
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Table 3 presents the performance metrics of the iMLFT
(Improved Machine Learning Fuzzy Technique) model. The
metrics include accuracy, precision, recall, F1-score, area
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under the ROC curve, mean absolute error (MAE), and root
mean squared error (RMSE).

Table 3: Performance of iMLFT

Metric iMLTF
Accuracy 0.95
Precision 0.92
Recall 0.94
F1-Score 0.93
Area Under ROC Curve | 0.97
Mean Absolute Error 0.08
Root Mean Squared Error | 0.12

The accuracy of the iMLFT model is reported as 0.95,
indicating that 95% of the instances were correctly
classified. This metric demonstrates a high level of overall
correctness in the model's predictions. The precision of 0.92
suggests that out of all the positive predictions made by the
model, 92% of them were actually true positives. Precision
measures the proportion of correctly predicted positive
instances relative to all positive predictions. The recall, also
known as the true positive rate or sensitivity, is 0.94. This
value indicates that the model correctly identified 94% of
the actual positive instances in the dataset. Recall represents
the proportion of actual positive instances that were
correctly classified by the model. The Fl-score, which
combines precision and recall into a single metric, is 0.93.
This score provides a balanced measure of the model's
accuracy in identifying both positive and negative instances.
The area under the ROC curve (AUC) is reported as 0.97.

The ROC curve is a graphical representation of the trade-off
between true positive rate and false positive rate, and the
AUC summarizes the overall performance of the model in
distinguishing between positive and negative instances. A
value of 0.97 indicates that the iMLFT model has a high
discriminatory power and is capable of accurately
distinguishing between positive and negative instances.

The mean absolute error (MAE) is 0.08,
representing the average absolute difference between the
predicted and actual values. This metric provides an
indication of the average magnitude of the errors made by
the model. The root mean squared error (RMSE) is 0.12,
which is a measure of the standard deviation of the errors
made by the model. It takes into account both the magnitude
and direction of the errors. A lower RMSE value suggests
that the model's predictions are closer to the true values.
Table 3 illustrates that the iIMLFT model performs well
across multiple performance metrics. It achieves a high
accuracy, precision, recall, and Fl-score, indicating its
effectiveness in correctly classifying instances and
identifying positive cases. The AUC value of 0.97 suggests
strong discriminative power, while the MAE and RMSE
values of 0.08 and 0.12 indicate relatively small errors in the
model's predictions.

Table 4 and figure 3 presents a performance
analysis based on different sample sizes for the model being
evaluated. The table includes metrics such as accuracy,
precision, recall, Fl-score, mean squared error (MSE), and
root mean squared error (RMSE).

Table 4: Performance Analysis

Sample Size | Accuracy | Precision | Recall | Fl1-score | MSE | RMSE
1000 0.88 0.86 0.90 0.88 0.08 | 0.28
2000 0.89 0.87 0.91 0.89 0.07 | 0.26
3000 0.90 0.88 0.92 0.90 0.06 | 0.24
4000 0.91 0.89 0.93 0.91 0.05 | 0.22
5000 0.92 0.90 0.94 0.92 0.04 |0.20
6000 0.93 0.91 0.95 0.93 0.03 | 0.18
7000 0.94 0.92 0.96 0.94 0.02 | 0.16
8000 0.95 0.93 0.97 0.95 001 |0.14
9000 0.96 0.94 0.98 0.96 0.009 | 0.095
10000 0.97 0.95 0.99 0.97 0.008 | 0.090
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Figure 3: Performance of iMLTP

For a sample size of 1000, the model achieves an accuracy
of 0.88, indicating that it correctly classifies 88% of the
instances. The precision and recall values are 0.86 and 0.90,
respectively, indicating that the model identifies 86% of true
positives and correctly classifies 90% of actual positive
instances. The Fl-score, which combines precision and
recall, is 0.88. As the sample size increases to 2000, 3000,
and so on, we see a consistent improvement in the model's
performance. The accuracy, precision, recall, and F1-score

gradually increase, reaching 0.97, 0.95, 0.99, and 0.97,
respectively, for a sample size of 10,000. These values
indicate that the model's ability to correctly classify
instances and identify positive cases improves as the sample
size increases.The MSE and RMSE values show a consistent
decrease as the sample size increases. This indicates that the
model's predictions have lower errors and are closer to the
true values when a larger sample size is used. For example,
for a sample size of 1000, the MSE is 0.08 and the RMSE is
0.28. However, for a sample size of 10,000, the MSE
reduces to 0.008, and the RMSE decreases to 0.090. Table 4
demonstrates that increasing the sample size leads to
improved performance of the model. As the sample size
grows, the model achieves higher accuracy, precision, recall,
and Fl-score, indicating better classification and
identification of positive instances. Additionally, the MSE
and RMSE values decrease, indicating a reduction in
prediction errors and improved accuracy in predicting the
true values. Table 5 provides a performance analysis of the
iMLTF model for varying epochs. The table includes metrics
such as accuracy, precision, recall, F1-score, mean squared
error (MSE), and root mean squared error (RMSE).

Table 5: Performance of iMLTF for varying epochs

Epoch | Accuracy Precision Recall Fl-score | MSE | RMSE
10 0.80 0.78 0.82 0.80 0.10 0.32
20 0.83 0.81 0.85 0.83 0.09 0.30
30 0.86 0.84 0.88 0.86 0.08 0.28
40 0.88 0.86 0.90 0.88 0.07 0.26
50 0.89 0.87 0.91 0.89 0.06 0.24
60 0.91 0.89 0.93 0.91 0.05 0.22
70 0.92 0.90 0.94 0.92 0.04 0.20
80 0.93 0.91 0.95 0.93 0.03 0.18
90 0.95 0.93 0.97 0.95 0.02 0.16
100 0.96 0.94 0.98 0.96 0.01 0.14
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Figure 4: Performance of iMLTF

Figure 4 illustrated that for 10 epochs, the model
achieves an accuracy of 0.80, indicating that it correctly
classifies 80% of the instances. The precision and recall
values are 0.78 and 0.82, respectively, indicating that the
model identifies 78% of true positives and correctly
classifies 82% of actual positive instances. The Fl-score,
which combines precision and recall, is 0.80. As the number
of epochs increases to 20, 30, and so on, we see a consistent
improvement in the model's performance. The accuracy,
precision, recall, and Fl-score gradually increase, reaching
0.96, 0.94, 0.98, and 0.96, respectively, for 100 epochs.
These values indicate that the model's ability to correctly
classify instances and identify positive cases improves as the
number of epochs increases.

The MSE and RMSE values show a consistent decrease
as the number of epochs increases. This suggests that the
model's predictions have lower errors and are closer to the
true values as the number of epochs increases. For example,
for 10 epochs, the MSE is 0.10 and the RMSE is 0.32.
However, for 100 epochs, the MSE reduces to 0.01, and the
RMSE decreases to 0.14. Table 5 demonstrates that
increasing the number of epochs leads to improved
performance of the iIMLTF model. As the number of epochs
increases, the model achieves higher accuracy, precision,
recall, and Fl-score, indicating better classification and
identification of positive instances. Additionally, the MSE
and RMSE values decrease, indicating a reduction in
prediction errors and improved accuracy in predicting the
true values.

V. Conclusion

This study focuses on the teaching of Chinese language
and culture in the context of international Chinese language
education. The importance of cultural teaching competence

IJRITCC | June 2023, Available @ http://www.ijritcc.org

is emphasized, highlighting the need for effective
communication and cross-cultural understanding. The paper
introduces the Integrated Machine Learning Teaching
Framework (iMLTF), which incorporates big data analytics
to support the cultural teaching framework. The iMLTF
model utilizes a Multivariant examination integrated with
the Weighted Random Forest algorithm. This approach
allows for the evaluation of the International Chinese
Language based on the Chinese National Context. Through
simulation analysis, the proposed iMLTF model
demonstrates a higher classification accuracy of 98%
compared to conventional state-of-the-art techniques. The
findings suggest that the iMLTF model can enhance the
teaching of Chinese language and culture by leveraging big
data analytics and incorporating a comprehensive cultural
teaching framework. By utilizing this model, international
Chinese language teachers can better assess and address the
cultural needs of their students, leading to improved
communication and cultural understanding.
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