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21 AARAA T S BAKAEE B W 3 B MR

FESR ZHREBZAE 3 @A
1 HERE AR B 28
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3 BE) a8 28 BE
4 HTEE Bt~ BE -~ D
5 R SRHF SR ABSHK

AWI5EEHE Python 5575 pyLDAvis p#(TH LDA AL > 41
3 R RH ERE S M ANRE i S Z Bl (Python SEF 1T LDA AR5 - 55
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Python SHERAJFENS (55 AMEk— - =) DA BEEREE AT 0L ER -

Selected Topic: (1| [ Previous Topic | [ Next Topic |  Clear Topic | Slide to adjust relevance metric:2) ‘ : . : : ‘
A=1 00 02 04 05 08 10
Intertopic Distance Map (via multidimensional scaling) Top-30 Most Relevant Terms for Topic 1 (24.9% of tokens)
0 100 200 300 400 500 600 700

PG2

&5

PC1

Marginattopc dsiinsion
) I Owraltem freqvency
2% [ Estimated tem frequency within the selected topic
5% 1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log{p(t | wp(1))] for topics t, see Chuang et al (2012)
2. relevance(term w | topic t) =A " p(w | 1) + (1- A) " p(w | t)ip{w); see Sievert & Shirley (2014)
10%

W3 4 AR 2 2 ATA T fol dkin 2 B 5 AL R
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FEiEE o e BN > BERA L SRAER - Lamat s B 4 - &
% - Ry T HECRERIAYE V) MR M AT 7R LA ELEE AR 2 (Likelihood
Ratios Test, LR) HE{TIEAUBEESE - LR o 2 af il R A0 (8 2 B 75 1 AT 5
RREE e > Wk B FEAYREREIE AL o JEAh - AT FTIR S S E R 2 R
WA ETERERRE  UECEEFHEERNREEM - #1 - #& (1, G)
RKEMEHEE > ARSERE O G2 AR S B2 RBEAYK
K& (L L S) e RAFMHBE > QB st sl SUs L 5l A BRI
BB R EERNRBRERE - BEBERIEE T PHE AR
— D E RN - SRR R AT AR AR E AR R RBENE
8 NS FHERE AR ME L EE R BRGNS - %
REAZRBER > SR EEERAVARUER - M55 PEH2 22 1ly R B B
TEE AR AR EEELRE - AWTFERT (A R R TR SR A - H[E]
PEEEEE G Rk - BRAAELR (GL GL, IL, 1S) - HAIGEREAE 4
Fraft (R &RaticiasidT et =UiE =005 - S Rtk =) -

LR fgE - A (GI, GL, IL, IS) B EAnfAd Ry (G*I*L*S) [L#x
Pr ( > Chisq) =0.2047 : (Chisq=9.7254 ; DF=7)

EE[J:E&E[%D , P 15/?\5} 0.2047 %E%j(ﬁ/:\ 0.05 > éﬁ*ﬁﬂ (GI, GL, IL, IS) EJ%E%
—E A -
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0g = A + A+ A7+ A+t A0+ A+ A+ A0+ A

454538 (1) ~ERpstdhEF (G) w‘&,ﬁffa@iew (L) » 2 ¥~ 8 (S) 2 MR

22830838 (D) VERPEYE (G) ~BARFHE (L) > 2 F3 28 (S) sl 4 2 feif &

HEHRMHEER
Gl,
GILS GL, gll_ g.l_ Gl, GL,
2kl GS, - s’ : L’ GL, IL,
B/ LIS, LIS IS, LS IL,IS IS, LS
LS
H = R 5 7 6.74 6.59 6.72 6.52 7.42
H = e 35% 5 3.95 4.09 3.96 4.17 438
H = ﬁﬁ Ei 6 6.82 6.98 6.79 6.90 8.74
H = Kf #% 4 4.50 434 4.53 4.42 5.83
B = T B 1 2.07 1.99 2.09 2.02 1.38
" = e 3'5 = 1 1.24 132 1.23 1.29 0.82
H = Kjﬁ B 11 9.37 9.44 9.41 9.56 7.45
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HEHR HEAERY
Gl, Gl,
Gl, GL,
(€] (€]
Gs IL GL, IL,
: : IL, IS IS, LS
IL, IS IS, LS
A & i’nﬁ 35% 6 6.31 6.25 6.28 6.12 4.97
fit = TR 5 207 21514  211.30 21476  209.39  214.23
. o N El==3
fit = THE N 242 23517  239.01 23556 24093 23497
fi p=s @Zﬁ 3 92 83.30 87.13 82.85 86.34 81.39
fitt 2 Eﬁ 3'5% 95 10238 9856  102.84 9934  101.03
iS8 i
iz = iTh=N 3 48 39.05 37.50  39.43 38.45 39.96
k=
fite e i - 36 43.63 4519 4325 4424 4383
fiit = I\jﬁ ez 58 67.51 69.07 6796 = 70.82  69.41
IS
it = Kjﬁ 3;#’ 93 84.81 8324 8436 8149  86.16

bR 2 Z B BERMEBR I EER > AIHIA R H Al st iR 2 A
FRIRBEARIRINE -

I - Ram TR, o R TABRTE L RS AT ESEARE
B Jmbm Z EefIan T

AN H AT L U ER AR O H AL s SR AR PR AR R B AT EL 1
= (209.39%6.90) / (6.52 * 86.34)
= (240.93*4.42) / (4.17 *99.34)
= (38.45%9.56) / (2.02 % 70.82)
= (44.24%6.12) / (1.29* 81.49)
= 257
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FHEE AR - A Em B AR B2 R e lrs - M dER B R EAAR
FEMRBRELLL G L > RS B Al 8 Sy B2 AR 0N R B Al s IR A R
UGB ERREL P S 2 2.57 % - [FWf > fERBELES £ REERATE
SR HY B2 A Rl Ry AT & I 2 A SRAUR R 2RI EE BTS2 1.69 5% 5 (21K
BELES L FHAZNEERIEFHAZLE L RIAKBREATEEH R 1.80

& o

KW FRETTRET LDA B GLM AR E 5 SUARE R i RS TE
FI > AL #T S ER AR 6~ SRAZ ST (E B R P T T R B R I M PR
GEREUT - LDA RIS SORTE R T 0 B A S R S ERE
IR AU B A B R LRGSR > TR RSt EE T AE - PHERELE
B BLER H P BRI M © SR GG - AUTFE R BE E R T ER & R DU T 28
& i [ -

— ~ Bt LDA Y305 3OR 3 YR I S 1 = (£ E g > X
REREFTAE  WEHEEEEE - BEFEELHR - HEBEUES
FUEMRBEE S B2 s SRS AL SO &R - B B Er5e )T
7% > LDA $g it s bR RSO 3B fERTTEA
BAE A R AR SR T AEERE R4S - AR EBEIEEE X
AREQ (AREREERFAE) - 56 LDA NMEREA SRR L R
HEHEESEEE O " HENEs), ~ "HEMNEEE ) 5T ER
BEMM, - FaR L 23 T BRI AT - 2T A&
s R R R B F(E (E -

= R R SRS HE T Z FEFI 254 - LDA AN (ERESRR A
ERARENECTER > FRERIEEH LR E b AER T ER
B EME R REGET ey A S8 - AWt FER R0
15 LDA ZEHY S Y SR8 P R B B2 A SRS N B Y e LS - B
1 TRETREAL, ~ TREDDIRG , - TIERGTERN ) FE
BERIEIE > BB A S it el il B B2 o TH S RF 405 7
(e 2 B 3t S PEATERAE (B (LIRS - — TR IR I E Mk
IR FERE O Ry kiR Z IR B IR B SR R R B AR B HERE T Y
AP -
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[1]

~ FHTNERIAIER Z TR A A B TR - B IR BRI AN B SORH R

ST LDA BEFa I SRR A S0 R el 4 L - R P R 9 o e
FortfefEdnet « B Pk B g SR EE R (S -

* B GLM feT - HMEEHEER 7] - o — 0 8 (L LDA Frafg 1y

REER AT R ISR TR - AW eds S R R IR AT S
M7 o $E5REUR - & TEEEIER GLM 1Y E SIEN - sEATHHIE 4
SIEWEE « 2R > REHRRERER - fi4 > hfRA e
BAE TR AT AR K T REWE BT B EE
AEERI G - IR BE B T — R G S PR
SHERIVEE S IETTE  MMEREEEE IR LR TRRE 2
Az e TE B EEERAR ARV BB -

AW R T LDA B GLM & & RN A E V7B - A E T
FEpRS - BEA

T BRSO A RIR - AREATIR A 2 Bk £ 2R H B —HE e

ARIERTE RS BFRCOARR » BERHEAL » RSB AR
AR - ARG ER GRS - RARBTFER] B A RE S
£~ SV aHE U ERECR SR IR ARE Y - DUETt
SR M L ] -

* LDA RIS BEE MR - LDA BRI RIE S IS EEE - T8

B e BEEEE B RELE ] B/ VA REEIREE AN - &
TR E BB LECE ISR T A TR 2 BOEE -

AL LDA 1A BRI - EEBVIREEN LEAN TR E

EOm B AT E R R TE © 28 2 B0 R BT AU Y R R PR B O AT A
FE o Myl E A E ERERE - KRBT AT BR AU BT il SR - 41 DK
EJE (Perplexity ) &R ERIAEEGE > K — 2 (Topic
Coherence Score) i LREAH A SEEAVEE R EN: - DULSR A TLEL
Bl - VB SR AT S R R R A O TS -

 SORTHERHE 2 B - SORTE BB FE HAfE (W APRERE - 55

b~ FESIEREE) Bt LDA TREGSRAEAEELE A =2
AIREAE AR SRS R 2 - AT e S —fiE S e B AR T TR
FRH o ESEEERA AT A [F PR B SRS T 2 EREFRENE - f2T MR
AT EE: -



58 HERHL BT 19 & 20 (2025)

LY LA EFRA > RAEIWTFE T [FRF 5 B8 SR AR > MU R
LR AN FREE B SCRE R - st RSB - EEEE
MSEUEFE L FREEARNWSEOERTTE > 25 LDA AR - [
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[ EEFIE2 E SR R B - T BT AN RIS E > 2Tt BHRAY L
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feft T ARSI E - MR SR BOR R BN R AR (i S A IR SR -
LSS » AWFEER LDA 81 GLM R E IAE R 2 B G HER S
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(LB EEAIRT - EIRE BB AT IR B E e BB A TR A4 -
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FiifE— « EERA DRI ANER Python F2UHF

import pandas as pd

from gensim import corpora, models
from nltk.corpus import stopwords

from nltk.tokenize import word_tokenize

import nltk

nltk.download('punkt')
nltk.download('stopwords')

— ~ AR
dcard_data = pd.read_csv(' G HTTEZE # i A TR ZE
print(dcard data.head())

= BEORTCE R
# SR IE RIEEBIER

stop_words = set(stopwords.words(‘english'))

# BB TR e B B 5 5

def preprocess_text(text):

# HE Ry N By 5

tokens = word_tokenize(text.lower())

# B S R E - B 7
return [word for word in tokens if word.isalpha() and word not in stop
words]
# Y R TR S
processed_data = dcard data['Article'].dropna().apply(preprocess_text).tol-
ist()

# Bl L B A R
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dictionary = corpora.Dictionary(processed data)

corpus = [dictionary.doc2bow(text) for text in processed data]

# = ~ LDA A5/ %R

lda_model =
models.LdaModel( corpus=corpus,
id2word=dictionary,
num_topics=5,
random_state=42,
passes=10,
alpha='"auto',

per_word_topics=True

# i (I R AT 15 (15 5R )
for idx, topic in lda_model.print topics(num_ words=15):
print(f" i {idx}: {topic}")

#U ~ EEEOAE
# JEN R SRR T AR

doc_topics = [Ida_model.get document_topics(doc) for doc in corpus]

# AR SCEN FE T
dcard_data['Topic'] = [max(doc, key=lambda x: x[1])[0] for doc in doc_top-

ics]

# E IR
print(dcard_data.head())
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FifE— « EERA DT PXIANER Python F2UHF

import pyLDAvis.lda_model

import pyLDAvis

import numpy as np

from sklearn.feature extraction.text import TfidfVectorizer
from sklearn.decomposition import LatentDirichletAllocation
import pandas as pd

import jieba

import re

import os

source_csv_path =" AR HTREZE " # B AT HTHEZE
document column_name = 'content'
top_words csv_path = "top-topic-words.csv'
predict _topic_csv_path = 'document-distribution.csv'
html path = 'document-lda-visualization.html'
n_topics =5
n top words =15
pattern = u\s\d,.<>/2:\\W' N G ONSN@HS% &M\ =+ <\n () ~ 2 15 0 (]
1 o-¥!—
deftop words_data frame(model: LatentDirichletAllocation,
tf idf vectorizer: TfidfVectorizer,
n_top_words: int) -> pd.DataFrame:

rows =[]

feature names = tf idf vectorizer.get feature names out()

for topic in model.components_:

top_words = [feature namesi]
for i in topic.argsort()[:-n_top_ words - 1:-1]]
rows.append(top_words)
columns = [f'topic word {i+1}' for i in range(n_top words)]
df = pd.DataFrame(rows, columns=columns)

return df
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def predict to data_frame(model: LatentDirichletAllocation, X: np.ndarray)
-> pd.DataFrame:

matrix = model.transform(X)

columns = [f'P(topic {i+1})' for i in range(len(model.components_))]

df = pd.DataFrame(matrix, columns=columns)

return df

df = (
pd.read_csv(
source_csv_path, encoding="utf-8-sig")
.drop_duplicates()
.rename(columns={ document column n

ame: 'text’

1))

stop_words_set = set([' /&, Fe LAY R L ALY

dff'cut'] = (
df'text']
.apply(lambda x: str(x))
.apply(lambda x: re.sub(pattern, ' ', x))

nn

.apply(lambda x: " "join([word for word in jieba.lcut(x) if word not in

stop_words_set]))

tf idf vectorizer = TfidfVectorizer()
tf idf =tf idf vectorizer.fit transform(dff'cut'])

lda =
LatentDirichletAllocation( n_com

ponents=n_topics, max_iter=1000,
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learning_method='online',
learning_offset=500,

random_state=0)

lda.fit(tf idf)
top_words_df=top words data frame(lda, tf idf vectorizer, n_top words)
top_words_df.to_csv(top_words_csv_path, encoding="utf-8-sig’,

index=None)

X =tf idf.toarray()
predict_df = predict to data frame(lda, X)

predict_df.to_csv(predict topic_csv_path, encoding="utf-8-sig', index=None)
data = pyLDAvis.lda_model.prepare(lda, tf idf, tf idf vectorizer)
pyLDAvis.save html(data, html path)

os.system('clear")

os.system(f'start {html path}")

print(' FEF RS
top_words_csv_path,
predict_topic_csv_path,
html path)




3 T RE A S B AR T R SO R e

FiiE— « ERERA DT PRAER Python F23UHF

67

library(jtools)

library(Imtest)

library(readx])

WD <-read_excel(" &5 HTHEZE ") # By A AT HEZE
view(WD)

#

# IR 12 RGRER + ST ARG + iR E S + FHl AR

#

Modell <- glm( A% ~ (RIREE + S2FCFFEHARE + S sta s + Fal A
£2 | family = poisson(link = "log"), data = WD)

summary(Modell); jtools::summ(Modell, digits = 6, confint = TRUE, exp =
TRUE)

with(Modell, cbind(res.deviance = deviance, df = df.residual,
p = pchisq(deviance, df.residual, lower.tail=FALSE)))

#

# AR 2: BT S HIRT * R staE s + AR * TR R + (R
R * B AR + R RE S AR

#

Model2 <- glm( A% ~ E2ACRF & I * Jh Bl sl SH i + (RAR B2 * I
whAE U+ R ER * B AR + I E R I * B A, family =
poisson(link = "log"), data = WD)

summary(Model2); jtools::summ(Model2, digits = 6, confint = TRUE, exp =
TRUE)

with(Model2, cbind(res.deviance = deviance, df = df.residual,
p = pchisq(deviance, df.residual, lower.tail=FALSE)))
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# 1A 3: (RARER * BT S IR + (KRB * T s e + (R ER *
ERANE + BT S HART * R

#

Model3 <- glm( A8 ~ (KB 52 * 2 FF & M FF + (R B 22 * 7 5wl 3
G+ OB * B AR + BT & B * O R A K, family =
poisson(link = "log"), data = WD)

summary(Model3); jtools::summ(Model3, digits = 6, confint = TRUE, exp =
TRUE)

with(Model3, cbind(res.deviance = deviance, df = df.residual,

p = pchisq(deviance, df.residual, lower.tail=FALSE)))

#

# 15 4: ROBRER * BT SHARE * MR U * Hal A

#

Model4 <- glm( A% ~ RIREE * SRS HARR * B sislE I * A
£2 | family = pois-son(link = "log"), data = WD)

summary(Model4); jtools::summ(Model4, digits = 6, confint = TRUE, exp =
TRUE)

with(Model4, cbind(res.deviance = deviance, df = df.residual,
p = pchisq(deviance, df.residual, lower.tail=FALSE)))

newdata = WD

predict(Modell, newdata, type="response")
predict(Model2, newdata, type="response")
predict(Model3, newdata, type="response")

predict(Model4, newdata, type="response")

Irtest(Modell,Model4)
Irtest(Model2,Model4)
Irtest(Model3,Model4) # Pr(>Chisq) = 0.2047
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Irtest(Model2,Model3) # FHARIEER < #5AY 3 ZRAEIHP 5D INREAS 2 5
IR 3 o
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Abstract

The application of topic modeling in educational text analysis is a critical area
of natural language processing. With the digitization of educational resources,
effectively organizing, retrieving, and analyzing large volumes of educational
text data has become a significant challenge for researchers. Topic modeling is a
statistical method that automatically extracts key concepts from texts, assisting
educators and administrators in making data-driven decisions. In recent years,
with advancements in artificial intelligence and machine learning, topic model-
ing has gained increasing attention in the educational domain, particularly in the
context of digital learning platforms and the widespread evaluation of online
educational re- sources. This study employs a web crawler to collect data related
to college students’ learning evaluations from online discussion platforms. By
using topic modeling for automated analysis, it reduces the time cost of manual
annotation and enhances data processing efficiency. Latent Dirichlet Allocation
(LDA), a widely used probabilistic topic modeling method, has been extensively
applied in text classification, sentiment analysis, and knowledge management.
This study explores the application of LDA in educational text analysis by con-
structing topic models to identify key themes in student feedback, course evalu-
ations, and subject content. Furthermore, LDA can be integrated with general-
ized linear models to examine the relationship between topic analysis and the
quantification of student learning outcomes. The findings demonstrate that LDA
effectively extracts core content from educational texts. Moreover, when com-
bined with generalized linear models, it provides valuable insights for educa-
tional decision-makers, enabling more informed and data-driven decisions. The
appendix of this paper provides the Python source code used for topic modeling
analysis of the Chinese and English text data, and R source code for General-

ized Linear Model, allowing interested readers to utilize it.

Keywords: Topic Modeling; Educational Texts; Latent Dirichlet Allocation; General-
ized Linear Model
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