Journal of Applied Science and Engineering 32 (2026) 26032049 1

Advancements In English Teaching: Integrating Digital Media And
Machine Learning For Interactive Learning

Hongli Niu

College of Foreign Language, Inner Mongolia University of Technology, Hohhot, 010050, China

Corresponding author. E-mail: hongli_niu@outlook.com; ghhl_0822@163.com

Received: January 05, 2026; Accepted: March 22, 2026

Integrating digital media and interactive learning has transformed English instruction, enhancing teaching
and learner engagement. Limited resources hinder spoken proficiency, but advances in digital media and ML
provide solutions. This study proposes an ML-based pronunciation model using Intelligent Honeybee Mating
tuned FSVM (IHM-FSVM) in an online interactive framework. Students used multimedia instruction via apps,
videos, and gamified exercises. Speech data were preprocessed with Wiener filtering and features extracted
with MFCC. IHM-FSVM outperformed conventional methods, achieving 97.9% accuracy, 95.9% recall, 96.2%
precision, and 96.5% F1-score, demonstrating its effectiveness in improving interactive English learning and
pronunciation.
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1. Introduction

English is a global language, valued as a second language.
Simulation-based learning supports engagement [1] and
effective teaching improves motivation and competence
[2]. Many learners struggle with spoken English due to ac-
cent interference, limited speaking practice, and delayed or
insufficient feedback, reducing pronunciation accuracy, flu-
ency, and confidence. Teaching is now learner-centered [3].
Digital technologies support goals [4], boost engagement,
enable personalized learning [5, 6], strengthen interaction,
and develop skills [7], showing how interactive learning
and DM transform English instruction [8]. Most ML-based
pronunciation models need large datasets and high com-
putation, lacking adaptive feedback. ML enables scalable,
adaptive, learner-centered instruction with personalized
assessment. Digital technologies and ML enhance tradi-
tional English classrooms, overcome resource limitations
and enable interactive, personalized learning to improve

students” spoken English proficiency. Contribution

¢ Predict English pronunciation using IHM-FSVM with
personalized feedback.

¢ Use gamified exercises and video lessons for engaging
learning.

* Analyze speech data with MFCC and Wiener filtering
for accuracy.

The organization of this research consists of the follow-
ing structure: Part 2 covers Materials and Methods, Part
3 presents the Results, Part 4 provides the Discussion and
Part 5 concludes the study.

2. Materials and methods

An online training course [9] helped English teachers use
digital media (DM) via needs analysis, course development,
trials, and evaluation. Seventy-one teachers were selected
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with G*Power, and data were collected from assessments,
exams, and questionnaires. Training improved DM profi-
ciency. Al applications in ELT [10-12] supported accessi-
bility, personalized instruction, and virtual assistance. DM
access improved competence and reduced cultural anxiety
[13], while teacher media use was studied [14]. Emerg-
ing technologies and models [15-21] enhanced learning,
supervision, engagement, and outcomes.

2.1. Methodology

English data were collected, denoised with Wiener filtering,
features extracted via MFCC, and IHM-FSVM predicted
pronunciation. The methodology is shown in Fig. 1.

English Pronunciation
Prediction

Intelligent Honey Performance
Bea Mating Tuned Analysis
Cepstral Flexible Support
Coefficients Vector Machine
(MFcc) (IHM-FSVM)

Feature
Extraction

Mel-Frequency

Fig. 1. Methodology Flow Diagram

2.2. Data Collection

Data were collected via multimedia platforms, including
videos, apps and gamified exercises, to improve engage-
ment and pronunciation. Students practiced key words
and audio recordings captured each attempt.

2.3. Data preprocessing using Weiner Filtering

Wiener filtering reduces noise, improves audio and recogni-
tion, supporting listening and engagement in ML-based En-
glish learning. WF is widely used in speech enhancement,
retaining essential speech features for reliable analysis and
effective pronunciation assessment. It filters noise using
spectral features of the signal and noise as linear stochastic
processes. This linear filter is applied to the expected signal
using the coefficients Xj. The input signaly(m), consists of
noise w(m) as shown in Eq. (1).

y(m) = e(m) +w(m) ey

The adaptive method attempts to modify the weights
X1 such that the mean square error is reduced by Egs. (2)
and (3).

f = min (F (f(m)?)) @)

f(m) = z(m) —e(m) ©)

Eq. (4) is used by a I tap discrete Wiener filter to deter-
mine the value of z(m).

M—-1
z(m) = 1;:) Xp(e(m—1)xw(m—1)) (4)

The Wiener filter uses the Wiener-Hopf equation for
weights (Eq. (5)).

q—-1
Y Xorryy (I = 1) = rye(—k) (5)
k=0

Where 1y is the autocorrelation function of y(m), and
Tye is the cross-correlation function between y(m) and e(m).

2.4. Feature Extraction using Mel-frequency cepstral co-
efficients (MFCC)

MFCCs capture phonetic and articulatory variations, pre-
serve subtle pronunciation cues, resist noise and speaker
variability, and provide a compact representation for ac-
curate pronunciation assessment. MFCC, widely used in
speech recognition, is extracted via channel banks, framing,
pre-emphasis, windowing, logarithmic scaling, filter banks,
and discrete cosine transform with FIR pre-emphasis. The
basic layout of the first-order FIR channel change work in
the area was provided in Eq. (6).

Fly)=1-py~" ©

The Coefficient § that lies between the range of 0 < § <
1 is described, as shown in Egs. (7) and (8).

7 (w) = (w7) = o ( -1) ?)
faf) =e(ef)-po(wf-1)  ®

Eq. (7) trains and Eq. (8) tests. Short-time analysis pre-
serves features, hamming windows reduce discontinuities,
and Mel-scale triangular filter banks compute weighted
spectral outputs. The Mel is assessed for the pre-set recur-
rence f in HZ by utilizing the resultant condition through
Eq. (9).

F(Mel) = 2595 x log;, <1 + %) 9)

Logarithmic scaling compresses channel outputs, shown
in Eq. (10).

Yo(n) = In (V) 1< Yo < Ve (10)

2.5. English pronunciation prediction using IHM-FSVM
IHM-FSVM uses ML and optimization to improve English
pronunciation prediction, with FSVM handling complex
non-linear linguistic patterns. In FSVM, each training sam-
ple is assigned a flexible membership value that reflects
its reliability, allowing the model to reduce the influence
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of noisy or ambiguous pronunciation data while preserv-
ing meaningful speech patterns. Unlike traditional SVM,
HMM, or neural network models, IHM-FSVM uses adap-
tive honeybee mating to adjust kernel and error-insensitive
parameters, modeling subtle pronunciation variations [22].
MFCC features are normalized and input to FSVM, while
IHM optimizes parameters over 100 iterations, provid-
ing scaffolded, personalized feedback and adjusting tasks
based on real-time performance.

2.5.1. Flexible Support Vector Machine (FSVM)

FSVM adjusts error tolerances, enabling accurate assess-
ment, personalized feedback, and interactive English teach-
ing. Eq. (11) uses measured and expected runoff values.

Y ou (11)

-]
1, = X 100% < 20%
|z/-,z}
7 Zl

;= L(j=1,2,.m) (12)

0 x 100% < 20%

Eq. (12) updates the dual function.

Where L <Y], Yk> is the kernel function, while o<]7Land

o; are Lagrange multipliers. To discusses the two common

functions, e <zj) , which are displayed in Egs. (13) and (14).
€1 (Z]> = blz]- + by (13)

e1(z) =arf* + G (14)

2.5.2. Intelligent Honeybee Mating (IHM)

In the proposed model, IHM was employed to iteratively
tune key FSVM hyperparameters, including the penalty
factor, kernel width, and adaptive error-insensitive thresh-
old, using pronunciation classification error as the fitness
criterion to select optimal solutions. By refining these pa-
rameters, the optimization process directly improves the
model’s ability to distinguish subtle phonetic deviations,
enabling more precise pronunciation error detection and
corrective feedback. Mutation reduces stagnation by gen-
erating four mutant vectors per step using distinct rules
(Egs. (15) to (19)) for diverse, adaptable learning.

j —v j j j j
YViutant1 = Y1 +F1 X (Yqueen - YQ) + F x (YrS - Yr4>
(15)

Y/ = Y)een + F2 X <le - sz) (16)

mutant2

Yhtants =Y+ Fx (¥ =Yy ) + B x (Y =Yy
lenutantél = w + (B2 — B1) <Y1{1 - YZZ) +
(B3 = p2) <YZz - Yrja> +(B1—Bs) (YZ3 - YZl)

(18)

i i j
I I
Where p* = ‘f (Yzl)‘ + ‘f (Yzzﬂ + ‘f (Y,j3> ‘ Mutant

vector replaces target if cost is lower (Eq. (20)).

] i 1 1
Yj+1 — { Ymut,Best lff (Ynew,Best> < f <Yqueen>

queen i .
Ygueen Otherwise

(20)
Algorithm 1: THM- FSVM
Input: Dataset for English pronunciation (Z), initial
FSVM parameters,
population size ( P ), max iterations (Maxlter)
Output: Optimized FSVM parameters for pronunciation
prediction
Step 1:Initialize:
a. Generate initial population Y,opulation of size P with
random vectors (Y).
b.For each vector Y; in Ypopulation » €valuate the fitness
using FSVM:
fitness (Y;) = FSVM_prediction_accuracy (Y;)
c.Set Yqueen as the best solution (best fitness).
d. Set tolerance for projected mistake e <zj> as 0.2 z;.
Step 2: Repeat until MaxlIter is reached:
a. Mutation Phase:
For each individual vector Y; in Ypopulation
Select four random vectors Y1, Yy, Yy3, and Y,4 from
Ypopulation (ensuring ;1 # Yo # Y3 # Yia).
Generate mutant vectors using Egs. (15) to (18):
Compute 1, B2, and B3 using Eq. (19)
Clip mutant vectors:
_If any element of mutant vectors exceeds bounds, set
Yr]nutant k to Yimax
Saved to this PC
or Ymin based on restrictions.
Evaluate fitness for each mutant vector using FSVM:
fitness (Ymutant 1 )/ fitness (Ymutant 12, fitness (Ymutant 3)/
fitness (Ymutant4)'
b.Selection Phase:
For each mutant vector Y_mutant:
If fitness (Ymutant ) < fitness (Y;), then update Y; to

Ymutant .
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Saved to this PC

If fitness (Ymutant ) > fitness (Y;), retain Y;.

c. Update Queen Vector Using Eq. (20)

Step 3: Fitness Function Calculation

Calculate the qualifying rate R, using Eq. (11)

Step 4:Generate FSVM Parameters Using IHM Eq. (12):

a. Initialize the queen vector Yqueen and other popula-
tion members using random initialization.

b. Evaluate the fitness of each member of the population
using FSVM.

Step 5: Apply the Crossover Operation

a. For each pair of vectors Y_i and Y_j in the population,
perform crossover:

If random_value < crossover_probability:

Use Eq. (13)

b. Evaluate the fitness of the newly generated vectors.

Step 6: Apply the Inversion Operation:

a. For each individual vector Y_i :

If random_value < inversion_probability:

Use Eq. (14)

b. Evaluate the fitness of the newly modified vector.

Step 7: Final Output:

Return the optimized FSVM parameters Y_queen

3. Result and discussion

Learners practiced with ML-driven feedback, receiving per-
sonalized guidance to reinforce pronunciation and improve
skills.

3.1. Experimental Setup

Python 3.9 was used in a Jupyter notebook environment
with GPUs such as NVIDIA Tesla V100 and cloud platforms
like Google Colab or AWS EC2.

3.2. Performance Metrics

IHM-FSVM was compared with HMM-ET [21] using the
below metrics.

e Accuracy: Accuracy measures the percentage of
correct predictions, reflecting overall performance.
Eq. (21) shows the calculation, with results in Table 1
and Fig. 2.

True Positives + True Negatives
Total Predictions

Accuracy =
(21)

Table 1. Accuracy’s Outcomes.

Methods Accuracy (%)
HMM-ET [21] 96.0%
IHM-FSVM [Proposed] 97.9%

Methods

Precision (%)

[Proposed] |

rmET —

o 20 40 60 80 100

IHM-FSVM ‘

Accuracy (%)

Fig. 2. Accuracy.

Precision: Precision measures correct positive predic-
tions, minimizing false positives. Eq. (22) shows the
calculation with results in Table 2 and Fig. 3.

. True Positives
Precision =

True Positives + False Positives

Table 2. Precision’s Outcomes.

Methods Precision (%)
HMM-ET [21] 93.0%
IHM-FSVM [Proposed] 96.2%

80 —

60 -

40 -

20 -

T
HMM-ET [21] IHM-FSVM [Proposed]

Methods

Fig. 3. Precision.

Recall: Recall measures detected errors, minimizing
false negatives; Eq. (23) shows calculation, results in
Table 3 and Fig. 4.

True Positives

Recall = 2
eca True Positives + False Negatives 23)

Table 3. Recall’s Outcomes.

Methods Recall (%)
HMM-ET [21] 94.0%
IHM-FSVM [Proposed] 95.9%
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Fig. 4. Recall.

* F1-Score: Fl-score, the harmonic mean of precision
and recall, evaluates error detection reliability; Eq. (24),
Table 4, and Fig. 5.

Precision x Recall
F1 = score =2 Precision + Recall (24)

Table 4. F1-Score’s Outcomes.

Methods F1-Score (%)
HMM-ET [21] 95.0%
IHM-FSVM [Proposed] 96.5%

cansansl

Ff-SCo,e /%}

mesespessspansdne
LT )

Fig. 5. F1-Score.

4. Discussion

The model’s adaptive feedback promotes self-regulated
learning and pronunciation improvement. Students re-
ported ease of use, clear error identification, increased con-
fidence, and reduced frustration. The interactive design
encouraged participation, and teachers can use it as a sup-
plementary tool with basic training. IHM-FSVM overcomes
HMM-ET limits, using adaptive feedback to enhance en-
gagement and pronunciation.

5. Conclusion

The IHM-FSVM with interactive digital media improved
English teaching. It outperformed previous models with
97.9% accuracy, 95.9% recall, 96.2% precision, and 96.5% F1-
score. This demonstrates how combining digital media and
ML enables efficient, responsive, and scalable interactive
learning environments. Students benefited from person-
alized feedback that reinforced correct pronunciation and
accelerated learning. Limitations include equitable tech-
nology access, large datasets, digital infrastructure, and
data privacy. Future work addresses accents and adaptive
learning.
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