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An approach to instructional diagnosis and optimization of sports MOOCs based on deep learning

Yan Limin"", Zhang Li", Han Gailing™"®

(a.School of P.E.; b. Zhongyuan Sports Culture Inheritance and Development Research Center,

Henan Normal University, Xinxiang 453007, China)

Abstract: The deepening advancement of educational digital transformation and the construction of a lifelong learning so-
ciety have provided significant opportunities for the intelligent development of online physical education courses. Employing re-
search methods such as text mining and case analysis, this study adopts a learner-centered perspective, conducting an in-depth
mining of learner review data from 185 sports MOOC courses on the Chinese university MOOC platform. It employs a CNN-
RNN hybrid model for sentiment analysis, focusing on negative reviews for instructional diagnosis, and constructs an LDA (la-
tent Dirichlet allocation) topic analysis model to accurately deconstruct problems and analyze their causes. Targeted solutions
are proposed, along with an evaluation of the effectiveness of each approach. The research identifies shortcomings and teaching
challenges in sports MOOCs: 1) misalignment between course design and learner needs; 2) crude course classification and re-
trieval systems; 3) static and narrow course content; 4) disconnection between teaching and assessment mechanisms; and 5)
an inadequate feedback and support system. Accordingly, Optimizing Teaching Expression and Presentation Based on Senti-
ment-Topic Analysis; Intelligent Adaptation of Course Content Based on Topic and Sentiment Labels; Designing Practical
Teaching Segments Integrating Embodied Cognition; Personalized Learning Support and Emotional Intervention Based on Mul-
timodal Data are proposed in the study.

Keywords: sports MOOCs; learner reviews; text mining; teaching diagnosis; targeted optimization; CNN; RNNj;
LDA
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Tab. S1 Basic information of excellent course cases
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Tab. S2  Basic information of low-scoring course cases
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I'ig. S1  Structure of LDA topic model
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(a) L
import requests ‘application/ json',

import json
import pandas as pd
def get_access_token() :
77 RIUE FEAPT (Faccess_token”””
url = “https://aip. baidu.
com/oauth/2. 0/ token”
params = {
'grant_type':
‘client_credentials',
‘client_id':
'ST6pGorRYYmiLfTao2DN3vCy',
'‘client_secret':
'1P8cMhs2116C31icQnjoY8c jUeEf5GOt!
}
response = requests. post (url,
params=params)
result = response. json ()
if 'access_token' in result:
return result['access_token']
else:
print ("KM tokenRM:”, result)
return None
def get_senti (text, access_token):
7 E BERS I AT APT
url = {"https://aip. baidubce.
com/rpe/2. 0/nlp/vl/sentiment_classify?
access_token=f{access_token}”
payload = {text': text}
headers = {

'Content—Type':

'Accept':'application/ json'
}
try:
response = requests. post (url,
headers=headers, json=payload)
json_data = response. json ()
if 'items' in json data and len(
json_data['items']) > 0:
senti_value = json datal
'items'] [0] ['sentiment']
return trans_senti (
senti_value)
else:
print ("RFIHIEAER:”,
json_data)
return “AH”
except Exception as e:
print (7R {e)”)
return "%
def trans_senti (value) :
" R AR AR R [R5 SRR G R
if value == 0:
return “JHAR”
elif value == I:
return "
elif value == 2:
return “FRRR”
else:
return “AH"

def main() :

(OF:E

[£[S2  CNN-RNNTS Jg& 43 M AL T o B ek 56

it i i S

[ e = @k |

# 1. FKIlaccess_token
print (" IE{E3RHaccess_token. .. ")
access_token = get access_token()
if not access_token:
return
# 2. PR
print ("IE{EEEHExce S .. )
df = pd. read_excel (
'synonyms_replaced. x1sx')
text_list = df['content']. values.
tolist()
# 3. EIRHATE AT
senti_result_list = []
total = len(text_list)
for idx, text in enumerate(
text_list):
print (f” IEAEALFRES {idx+1}
/f{total} %&: {text[:50]}...7)
senti_result = get_senti (text,
access_token)
senti_result_list. append(

senti_result)

print (£7 7 HréE 4
{senti_result}\n”)
# 4. {RT7EGEH

df "R R4ER] = senti_result_list
df. to_excel ("H FEAPTHS IR/ HT. x1sx/,

index=False)

print ("#I5E fFexce MRIF! )

if __name__ =="'_main_":

main ()

Fig.S2 Accuracy verification of CNN-RNN sentiment analysis mode
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Sentences+labels JFHIE I HE60%/ TR HEA0% Embedi;;i;iinvlm
TR TR AR B Y ZRA5RY .
ZEfe BRI /7 @;/F ’;}!Uiﬁ% epoch=5, batch_size=32
(a) TiFE K

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split
from sklearn.metrics import accuracy_score, f1_score,
recall_score, classification_report

from tensorflow. keras. preprocessing. text import Tokenizer
from tensorflow. keras. preprocessing. sequence import
pad_sequences

from tensorflow. keras. models import Model

from tensorflow. keras. layers import Input, Embedding,

Convl1D, GlobalMaxPoolinglD, Dense, Dropout

from tensorflow. keras. utils import to_categorical

# BIUEUE (% label sy 0=9H#R, 1=k, 2=FUR)

df = pd. read_excel ('data. x1sx")

texts = df['sentences']. values

labels = df['labels']. values # 0, 1, 2 =%

# BRI

max_words = 10000

max_sequence_length = 100

tokenizer = Tokenizer (num words=max_words)

tokenizer. fit on_texts(texts)

sequences = tokenizer. texts_to_sequences (texts)

data = pad_sequences (sequences, maxlen=max_sequence_length)
# WA None—ho t4Y (Z402%)

num_classes = 3

labels = to_categorical (labels, num_classes=num_classes) #
Kiga

# R B

X_train, X_test, y_train, y_test = train_test_split(data,
labels, test size=0.4, random state=42)

# MERONEIRY (Z4328)

embedding_dim = 100

input_layer = Input (shape=(max_sequence_length, ))
embedding_layer = Embedding (input_dim=max_words,
output_dim=embedding dim) (input_layer)

conv_layer = ConvID(filters=128, kernel size=5,
activation="relu’) (embedding_layer)

pooling layer = GlobalMaxPoolinglD() (conv_layer)
dense_layer = Dense (128, activation='relu") (pooling layer)
dropout_layer = Dropout (0. 5) (dense_layer)

() FiFy

output_layer = Dense (num_classes, activation='softmax") (
dropout_layer) # JEE&42: 32 TE+sof tmax
# YRy
model = Model (inputs=input_layer, outputs=output_layer)
model. compile (
loss="categorical crossentropy', # FHIEN3: L HEMmKk
wH
optimizer='adam',
metrics=["accuracy']
)
# YRy
model. fit(X_train, y_train, epochs=5, batch size=32,
validation data=(X_test, y test))
& i
y_pred_prob = model. predict(X_test)
y_pred = np.argmax (y_pred prob, axis=1) # HUHEA & A3
y_true = np.argmax(y test, axis=1)
# TR IR bR
from sklearn.metrics import precision_recall_fscore_support
# R EI
precision, recall, f1, support =
precision recall fscore support(
y_true, y pred, labels=[0, 1, 2]
)
sentiment_labels = ['Vi#l, "W, FIpR']
for i, label in enumerate(sentiment_ labels) :
print (f”\n{label} f5/&: ")
print (f” Fi#i% (Precision): {precision[il:.4f}”)
print(f” HEFH (Recall): {recalllil:.4f}”)
print(f” FUH (Fl-Score): {f1[i]:.4f}")
print (f” #EA¥: {support[il}”)
# J5iE2: B AT
print (F"\nZZMF¥) Macro Avg):”)
print (" F#i%: [precision.mean() :.4f}”)
print (f”  EF: {recall.mean():.4f}")
print (f” FU{f: {fl.mean():.4f}")
# JIE3 il e R
print ("\n5EH#o ")
print(classification_report(y_true, y_pred, target names=['

AR, i, BURD)

1S3 FHEEAPTHRS IRt R P

Fig.S3 Flowchart of Baidu API sentiment analysis
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Tab. S3  Accuracy of CNN-RNN sentiment analysis model
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Fig.S4 Optimal number of LDA topics for negative comments on theoretical sports MOOCs
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Tab. S4 Statistics of LDA topics and high-frequency weights of negative comments on theoretical sports MOOCs
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Fig.S6 Optimal number of LDA topics for negative comments on practical sports MOOCs
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Fig.S7 Visualization of LDA topic results for negative comments on practical sports MOOCs
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Tab. S5 LDA topics and high-frequency terms of negative comments on practical sports MOOCs
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80
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FH— WREBE FEE W P k(e 2 Al ES il i i i Kk
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Fig.S8 Optimal number of LDA topics for negative comments on integrated theoretical and practical sports MOOCs
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Fig.S9 Visualization of LDA topic results for negative comments on integrated theoretical and practical sports MOOCs
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Tab. S6 LDA topics and high-frequency terms of negative comments on integrated theoretical and practical sports MOOCs

FE— RERE FH = REEE FE= REANE FEM AR R
=8| WEAE A 1) A fE E L] MEAE A 1) A fE
S 0.035 Her 0.018 s 0.025 W 0.016
LTRaN 0.02 el 0.016 TR 0.014 TR 2R [H] 0.013
wH 0.017 2] 0.01 EA 0.009 S 0.011
LA 0.015 E 0.01 Eib 0.008 it ] 0.01
5 0.013 ({2 0.009 BH 0.006 s 0.009
UE A3 0.012 AT 0.008 ik Rz 0.006 P 0.009
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wH 0.008 KK 0.006 22 0.005 2k 0.007
A 0.006 B 0.005 LR 0.005 1k B ) 0.007
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Tab. S7 Problems and causes of sports MOOCs based on LDA topic mining
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