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Abstract: With the wide rise of social media, a series of application
products such as micro-blog are developing rapidly. Until 2020, according
to official statistics of Weibo, its daily active users had already reached
more than 160 million, and its daily visits had reached 10 billion levels.
How to extract important information from these data and how to provide
consumers with what they want to see more quickly and accurately has
become a top priority. In this paper, based on microblog news data, the
classification of Chinese short text is studied by using two machine
learning algorithms, SVM, Naive Bayes Classifier. Word segmentation is
the process of recombining consecutive subsequences into word sequences
in accordance with certain specifications. In English, spaces are delimiters
between words, but Chinese is fairly complicated. Generally speaking, the
division of words, sentences and paragraphs is relatively simple, but the
division of words in Chinese has no obvious signs, so it is more difficult to
segment Chinese words. Python's powerful word segmentation library

jieba is used for word segmentation of Chinese text.

Keywords: Machine Learning, Chinese Text Classification, SVM, Naive

Bayes, Microblog(weibo)




1 Introduction

1.1 Weibo

Weibo is a general term for microblogging, but normally understood as Chinese-based
mini-blogging services, including social chat sites and platform sharing. Weibo services
makes it possible for internet users to set up real-time information sharing communities
individually, and upload and update information. Weibo services use a format similar
to the American-based Twitter-service, but is used almost exclusively by Chinese

language speakers. Weibos are a major source of commentary on a wide range of topics.

1.2 Jiebal!l

"Jieba" (Chinese for "to stutter") Chinese text segmentation: built to be the best Python
Chinese word segmentation module.

Chinese word segmentation is a basic step of Chinese text processing, and it is also a
basic module of Chinese human-computer natural language interaction. When
performing Chinese natural language processing, word segmentation is usually required

first.

1.2.1 Support three types of segmentation mode:

1.Accurate Mode attempts to cut the sentence into the most accurate segmentations,
which is suitable for text analysis.

2.Full Mode gets all the possible words from the sentence. Fast but not accurate.
3.Search Engine Mode, based on the Accurate Mode, attempts to cut long words into

several short words, which can raise the recall rate. Suitable for search engines.
This program uses the (default) accurate mode.
1.2.2 Usage

1.Fully automatic installation: easy_install jieba or pip install jieba

2.Semi-automatic installation: Download http://pypi.python.org/pypi/jieba/ ,

run python setup.py install after extracting.
3.Manual installation: place the jicba directory in the current directory or python site-
packages directory.

4.import jieba.




1.2.3 Algorithm

1.Based on a prefix dictionary structure to achieve efficient word graph scanning.
Build a directed acyclic graph (DAG) for all possible word combinations.

2.Use dynamic programming to find the most probable combination based on the
word frequency.

3.For unknown words, a HMM-based model is used with the Viterbi algorithm.

1.2.4 Main Functions

1.The jieba.cut function accepts three input parameters: the first parameter is the
string to be cut; the second parameter is cut_all, controlling the cut mode; the third

parameter is to control whether to use the Hidden Markov Model.

2 jieba.cut_for_search accepts two parameter: the string to be cut; whether to use the
Hidden Markov Model. This will cut the sentence into short words suitable for search

engines.

3.The input string can be an unicode/str object, or a str/bytes object which is encoded
in UTF-8 or GBK. Note that using GBK encoding is not recommended because it
may be unexpectly decoded as UTF-8.

4 jieba.cut and jieba.cut_for_search returns an generator, from which you can use

a for loop to get the segmentation result (in unicode).
5.jiebalcut and jiebalcut_for_search returns a list.

6.jieba.Tokenizer(dictionary=DEFAULT_DICT) creates a new customized
Tokenizer, which enables you to use different dictionaries at the same
time. jieba.dt is the default Tokenizer, to which almost all global functions are

mapped.

1.2.5 Code example: segmentation
#encoding=utf-8
import jieba

seg_list = jieba.cut("F R B AL 51iFH BN ", cut_all=True)
print("Full Mode: " + "/ " join(seg_list)) # Full Mode




seg_list = jieba.cut("F R B IL5LiFH B 2", cut_all=False)
print("Default Mode: " + "/ ".join(seg_list)) # Default Mode

seg_list = jieba.cut("f >R F| 1™ 5 ks K= ")
print(", " join(seg_list))

seg_list = jieba.cut_for_search("/|N AR Vel - rp [ FL PR LT, JE4E H A 5L
R FIFRIEE")  # Searching Engine Mode
print(",".join(seg_list))

Output:
[Full Mode]: #/ RE/ dbi/ e HHERFE R RF

[Accurate Mode]: $&/ K F|/ b5/ iHHEKFE
[Unknown Words Recognize] fi,, 23, T, M5, B, KE

[Search Engine Mode]: /NHH, fiit, Sk, F, F [, B2, S0, B2, b E
R, R SRR, B, 2 FR, SO, K2, AARERE Wi

1.3 Classifier

1.3.1 Multinomial Naive Bayes.

A generative model estimates the conditional probability of a class given input data. In
particular, Naive Bayes assumes the input features are independent each other
(conditional independence). Multinomial Naive Bayes is a specialized version of Naive
Bayes mostly used for document and text classification!?!

1.3.2 SVM (Support Vector Machines)

Support Vector Machines are a particularly powerful and flexible class of supervised
algorithms for classification and regression*. SVM is a powerful and versatile machine
learning model, capable of performing linear or non-linear classification,

regression and even outliers detection. The algorithm makes the classification creating
a linear hyperplane of maximum margin that separates two classes. This margin makes
there are few possibilities of separating the data from the sample, and thus, there is little
chance of misclassifying new instances.




2 Weibo text classification method

Step1 Corpus selection: get the corpus that have been labeled

Step2 The data pre-processing, remove noise, for example, Format conversion,
Remove symbol,

Step3 Chinese words segmentation: Split the article into words

Step4 Construct training set vector space, get terms frequency (TF), generate word
vector space for each text, and remove Chinese stop words

Step5 Construct the test set vector space, the method is the same as above

Step6 Use classifiers(naive bayes or SVM) to predict text classification

The process is shown in the flowchart below
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2.1 Corpus Selection

Select corpus, data set, stop word set

data stop test

The corpus contains four types (women, sports, literature, campus)
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2.2 The data pre-processing

Data pre-processing is an important step in the data mining process. Analyzing data that
has not been carefully screened for such problems can produce misleading results. Thus,
the representation and quality of data is first and foremost before running any analysis[*].
Often, data preprocessing is the most important phase of a machine learning project.
Data preprocessing includes cleaning, Instance selection, normalization, transformation,
feature extraction and selection, etc. The product of data preprocessing is the final

training set.

In this experiment, we removed various symbols, tabs, spaces, carriage returns and

other unnecessary interference factors.

Codes show as below:

2.3 TF-IDF algorithm (Term Frequency-Inverse Document Frequency)

2.3.1 Instruction

TF-IDF score represents the relative importance of a term in the document and the
entire corpus. The importance of a word increases proportionally with the number of
times it appears in the file, and decreases inversely with its frequency in other files in

the corpus. That is to say, a word appears more frequently in a certain document, and




other documents do not appear, indicating that the word is very important for the
classification of the document. However, if there are many other documents, it means
that the word is not distinguishable, so use IDF to reduce the weight of the word
TF-IDF score is composed by two terms: the first computes the normalized Term
Frequency (TF), the second term is the Inverse Document Frequency (IDF), computed
as the logarithm of the number of the documents in the corpus divided by the number
of documents where the specific term appears.

TF(t)= (Number of times term t appears in a document) / (Total number of terms in the
document)

IDF(t) = log_e(Total number of documents / Number of documents with term t in it)

TE-IDF = TF x IDFL!

2.3.2 Stop Words

Stop words refer to words that do not play a decisive role and are not helpful to
document classification, but appear many times in the text. [n text analysis, in order to
save storage space and improve efficiency, these words and words need to be filtered

out before processing the text.

2.3.3 TF-IDF Steps for Usage

Step1 Call the segmented document

Step2 Construct word frequency matrix
Step3 Filter stop words

Stepd Extract the calculated TF-IDF vector

2.3.4 Classifier selection
In this paper, two classifiers are used to predict the category of the text respectively,

and the classification results are compared and then the better classifier is used.

3 Result
® We use 80% of the data sct as the training set.
® Choose the remaining 20% as the test set

® In order to test the accuracy of the code, we deliberately put some documents in




the corpus of the wrong category.

® The result shows that the document type can be detected correctly.

Naive bayes classifier:

As shown in the figure above, the error rate is 9.0%




SVM Classifier:
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As shown in the figure above, the error rate is 11.0%

In this section, we present the results of the experiment and discuss its implications. We
conducted one experiment to determine the best combination of Machine Learning
algorithm and feature extraction technique to classify text. Obviously, naive bayes

classifier had a great performance with the error rate of 9.0%.

4 Conclusion

The innovation of this paper was to apply Chinese text classification to the Weibo text
classification, and uses two machine learning algorithms to predict the type of text.
Through the comparison of the error rate, the conclusion is that the naive Bayes

classifier More suitable for Weibo text classification.
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Appendix I

Naive bayes classifier

import jieba

from numpy import *

import pickle

import os

trom sklearn feature_extraction.text import TfidfTransformer
from sklearn feature_extraction text import TfidfVectorizer
trom sklearn datasets base import Bunch

trom sklearn.naive_bayes import MultinomialNB

def readFile(path):
with open(path, 'r', errors='ignore') as file:
content = file read()
file .close()

return content

def saveFile(path, result):
with open(path, 'w', errors='ignore') as file:
file . write(result)

file .close()

def segText(inputPath, resultPath):
fatherLists = os listdir(inputPath) # FEF
for eachDir in fatherLists: # ¥WHF BRPEINAESE
cachPath = inputPath + eachDir + "/" # {RFEHRPENNHELZERE .|
EFRHE R

each_resultPath = resultPath + eachDir + "/"




if not os.path exists(each_resultPath):
os.makedirs(each_resultPath)
childLists = os listdir(eachPath)
for eachFile in childLists:
eachPathFile = eachPath + eachFile # FR{E&MHER
# print(eachFile)
content = readFile(eachPathFile) # VAL EREHIENAS
# content = str(content)
result = (str(content)).replace("\r\n", "").strip()
# result = content.replace("\t\n","") strip()

cutResult = jieba.cut(result)
saveFile(each_resultPath + eachFile," " join(cutResult)) # JEFE_EM@
ERERTFIS

def bunchSave(inputFile, outputFile):
catelist = os_listdir(inputFile)
bunch = Bunch(target_name=[], label=[], filenames=[], contents=[])
bunch target_name.extend(catelist)
for eachDir in catelist:
eachPath = inputFile + eachDir + "/"
fileList = os.listdir(eachPath)
for eachFile in fileList:
fullName = eachPath + eachFile
bunch.label append(eachDir)
bunch filenames. append(fullName)
bunch.contents.append(readFile(fullName).strip())
with open(outputFile, 'wb') as file_obj: # AR HFIHEFTFF
pickle.dump(bunch, file_obj)
# pickle.dump(obj, file, [ protocol ) RAIHITHEE 1§ obj ISFFIAZNE
ZFTFFR file P,
#obj : FREFRFIMHAY obj IR,
# file: HBFR.




# protocol : FRFILAERBRINMY,. WFRZIAERE  WFOAK 0. RAR

{88, HIGHEST_PROTOCOL , N{FEBESHIMY AR

def readBunch(path):
with open(path, 'rb') as file:
bunch = pickle.load(file)

return bunch

def writeBunch(path, bunchFile):
with open(path, 'wb') as file:
pickle.dump(bunchFile, file)

def getStopWord(inputFile):
stopWordList = readFile(inputFile) splitlines()

return stopWordList

def getTFIDFMat(inputPath, stopWordList, outputPath,

tftfidfspace_path tfidfspace_arr_path tfidfspace_vocabulary_path):

# 318 TF-IDF A&
bunch = readBunch(inputPath)

tfidfspace =  Bunch(target_name=bunch target_name,

filenames=bunch filenames, tdm=[],
vocabulary={})
"S5EEY tfidfspace”
tfidfspace_out = str(tfidfspace)
saveFile(tftfidfspace_path, tfidfspace_out)

vectorizer = TfidfVectorizer(stop_words=stopWordList,

label=bunch.label,

sublinear_tf=True,




max_df=0.5)

transformer = Tfidf Transformer()

tfidfspace.tdm = vectorizer fit_transform(bunch contents)
tfidfspace_arr = str(vectorizer fit_transform(bunch.contents))
saveFile(tfidfspace_arr_path, tfidfspace_arr)
tfidfspace.vocabulary = vectorizer.vocabulary_  # ¥REUAEILC
tfidfspace_vocabulary = str(vectorizer.vocabulary_)
saveFile(tfidfspace_vocabulary_path, tfidfspace_vocabulary)
"over"

writeBunch(outputPath, tfidfspace)

def getTestSpace(testSetPath, trainSpacePath, stopWordList, testSpacePath,
testSpace_path testSpace_arr_path trainbunch_vocabulary_path):
bunch = readBunch(testSetPath)

testSpace =  Bunch(target_name=bunch target_name, label=bunch label,

filenames=bunch filenames, tdm=[],

vocabulary={})

"

BN testSpace

testSpace_out = str(testSpace)

saveFile(testSpace_path, testSpace_out)

trainbunch = readBunch(trainSpacePath)

vectorizer = TfidfVectorizer(stop_words=stopWordList, sublinear_tf=True,
max_df=0.5,
vocabulary=trainbunch.vocabulary)
transformer = Tfidf Transformer()
testSpace .tdm = vectorizer.fit_transform(bunch.contents)

testSpace .vocabulary = trainbunch.vocabulary




testSpace_arr = str(testSpace.tdm)

trainbunch_vocabulary = str(trainbunch.vocabulary)
saveFile(testSpace_arr_path, testSpace_arr)
saveFile(trainbunch_vocabulary_path, trainbunch_vocabulary)
# FFAL

writeBunch(testSpacePath, testSpace)

def bayesAlgorithm(trainPath, testPath tfidfspace_out_arr_path,
tfidfspace_out_word_path testspace_out_arr_path,
testspace_out_word_apth):
trainSet = readBunch(trainPath)
testSet = readBunch(testPath)

clf = MultinomialNB(alpha=0.001) fit(trainSet.tdm, trainSet.label)

# print(shape(trainSet.tdm))  #%§) 1 ERiR) AR [EAUSEEY

# print(shape(testSet.tdm))

"QLIE bat 324"

tfidfspace_out_arr = str(trainSet.tdm) # Tl

tfidfspace_out_word = str(trainSet)

saveFile(tfidfspace_out_arr_path, tfidfspace_out_arr) # BHEFEAB
train_set.txt

saveFile(tfidfspace_out_word_path, tfidfspace_out_word) # 3 A2 = B

train_set.txt

testspace_out_arr = str(testSet)
testspace_out_word = str(testSet label)
saveFile(testspace_out_arr_path, testspace_out_arr)

saveFile(testspace_out_word_apth, testspace_out_word)

GHRLER

predicted = clf.predict(testSet.tdm)
total = len(predicted)

rate =0




for flabel, fileName, expct_cate in zip(testSet.label, testSet filenames, predicted):
if flabel != expct_cate:
rate += 1
print(fileName, ":3EFRSEH : ", flabel, "-->FMZEF : ", expet_cate)
print("error rate:", float(rate) * 100 / float(total), "%")

#

if _name__ ==' main_ "

datapath =" /data/" #[FRIREIEIRE
stopWord_path =" /stop/stopword.txt"#ZFRiA &2

test_path =" /test/" #ML EERR R

test_split_dat_path = " /test_set.dat" #lliEE 1A bat AFEEEE
testspace_dat_path =" ftestspace dat"  #IHEERIHZB5E0E dat X445
train_dat_path = " /train_set.dat"

tfidfspace_dat_path = " /tfidfspace.dat" #tf-idf @SS |B@EAY dat 35

"

VAEPIAN/G dat SUFERIR | BATHEEBMAY , FESTH
test_split_path ="./split/test_split/’  #NUIXEDITEER
split_datapath = " /split/split_data/" # IIRIAEHIEDRZ ERIEURIRER

"

PAERMNERESEZ BN R ARTLUERZ GBI I FERES

tfidfspace_path =" Jtfidfspace.tixt" # & TF-IDF igFIB{RFEN xt , H{EEE

tfidfspace_arr_path = " /tfidfspace_arr.txt" # J& TF-IDF Ja$iEFHRFEN txt ,
hEEE

tfidfspace_vocabulary_path =" /tfidfspace_vocabulary.txt" # JZ31aANEC %
IHEBGRFA xt , FEEE

testSpace_path = " /testSpace txt"  #IHEMVER




Gl

testSpace_arr_path = " JtestSpace_arrtxt" #UEEASEIEE R
trainbunch_vocabulary_path = "/trainbunch_vocabulary txt" #FFB 3 1E1@801{5

tfidfspace_out_arr_path = " /tfidfspace_out_arr.txt"  #tfidf ) HIEFFER
tfidfspace_out_word_path =" /tfidfspace_out_word.ixt" #ER{RIFIZZUAY txt
testspace_out_arr_path = "./testspace_out_arr.txt" #U SR EE
testspace_out_word_apth =" /testspace_out_word txt" #E FEREER

m

PAL 10 NIER dat UK xt F , ARTLUEIRER |, X2 NLP

(BRESLE ) IFEEENER

"

#NI|GREE
segText(datapath #SE NEUE
split_datapath)#%81 HH 5154558
bunchSave(split_datapath #EE A 1EI455R
train_dat_path) # HiHOIEAE
stopWordList = getStopWord(stopWord_path) # FEUERIEFE
getTFIDFMat(train_dat_path, HEEA S ARYEIREE
stopWordList, #HRAUS FRiR)ZR
tfidfspace_dat_path, #tf-idf 15$RZSBIMIEAY dat 344
tfidfspace_path, #5] HiFSREE txt {4
tfidfspace_arr_path #4515 STARE txt 3{4
tfidfspace_vocabulary_path) #4itH&RiE) txt {5

HRNTEEE
segText(test_path,
test_split_path) # IHUHEEIENIY , BIHDIRAER
bunchSave(test_split_path,
test_split_dat_path) #

getTestSpace(test_split_dat_path,

tfidfspace_dat_path,

stopWordList,

testspace_dat_path,




testSpace_path,

testSpace_arr_path,

trainbunch_vocabulary_path)# ¥IADIEX4 (EBIE ARE

FIHFAESSIB) (txe dat SLI4HERA)
bayesAlgorithm(tfidfspace_dat_path,

SVM classifier

testspace_dat_path,
tfidfspace_out_arr_path,
tfidfspace_out_word_path,
testspace_out_arr_path,

testspace_out_word_apth)

Appendix I1

from sklearn.multiclass import One VsRestClassifier

import sklearn.svm as svm

from sklearn.linear_model import LogisticRegression

import jieba

from numpy import *

import pickle # FA




import 0s

from sklearn.feature_extraction.text import Tfidf Transformer
from sklearn feature_extraction.text import TfidfVectorizer
from sklearn.datasets.base import Bunch

from sklearn.naive_bayes import MultinomialNB

def readFile(path):
with open(path, 'r', errors='ignore') as file:
content = file read()
file.close()
return content

def saveFile(path, result):
with open(path, 'w', errors='ignore') as file:
file.write(result)
file.close()

def segText(inputPath, resultPath):
fatherLists = os.listdir(inputPath) # FHFE
for eachDir in fatherLists: # @A+ BRSPS PEHE
cachPath = inputPath + cachDir +"/"  # {RFEFBHRPEBNN
HXBF , EFREBZRUS
each_resultPath = resultPath + eachDir +"/"
if not os path.exists(each_resultPath):
os.makedirs(each_resultPath)
childLists = os.listdir(eachPath)
for eachFile in childLists:
eachPathFile = eachPath + eachFile # X581 {4I&

# print(eachFile)
content = readFile(eachPathFile) # 1&F3_ M pRAZGER




# content = str(content)
result = (str(content)) replace("\r\n", "") strip()
# result = content.replace("\r\n","").strip()

cutResult = jieba.cut(result)
saveFile(each_resultPath + eachFile, " ".join(cutResult))

# VAR CEREURET

def bunchSave(inputFile, outputFile):
catelist = os.listdir(inputFile)
bunch = Bunch(target_name=[], label=[], filenames=[], contents=[])
bunch.target_name .extend(catelist)
for eachDir in catelist:
eachPath = inputFile + eachDir + "/"
fileList = os.listdir(eachPath)
for eachFile in fileList:

fullName = eachPath + eachFile # —ZRBRFIEFLE

bunch.label.append(eachDir)
bunch filenames.append(fullName)
bunch.contents.append(readFile(fullName) strip())

with open(outputFile, 'wb') as file_obj: # A HEIS
[ERRFTFF
pickle.dump(bunch, file_obj)
# pickle .dump(obj, file, [ ,protocol]) EREZAYINEE : 45 obj I F
FIHENEZFTFR file .,
# obj : TEEFFFILAT obj IR,
# file: X H-2FR,




def readBunch(path):
with open(path, 'rb") as file:
bunch = pickle.load(file)
# pickle.load(file)
# EREIAITNRE | & file PEONIRFFLIZL,

return bunch

def writeBunch(path, bunchFile):
with open(path, 'wb') as file:
pickle.dump(bunchFile, file)

def getStopWord(inputFile):
stopWordList = readFile(inputFile).splitlines()
return stopWordList

def getTFIDFMat(inputPath, stopWordList, outputPath,

tftfidfspace_path tfidfspace_arr_path,tfidfspace_vocabulary_path): #
1§ TF-IDF A&

bunch = readBunch(inputPath)

tfidfspace = Bunch(target_name=bunch target_name,
label=bunch.label, filenames=bunch filenames, tdm=[],

vocabulary={})

52BN tfidfspace"

tfidfspace_out = str(tfidfspace)

saveFile(tftfidfspace_path, tfidfspace_out)

vectorizer = TfidfVectorizer(stop_words=stopWordList,
sublinear tf=True, max_df=0.5)
transformer = TfidfTransformer()




tfidfspace tdm = vectorizer fit_transform(bunch contents)
tfidfspace_arr = str(vectorizer.fit_transform(bunch.contents))
saveFile(tfidfspace_arr_path, tfidfspace_arr)

tfidfspace .vocabulary = vectorizer.vocabulary_ # 3XENIAIC
tfidfspace_vocabulary = str(vectorizer.vocabulary_)

saveFile(tfidfspace_vocabulary_path, tfidfspace_vocabulary)

m m

over
writeBunch(outputPath, tfidfspace)

def getTestSpace(testSetPath, trainSpacePath, stopWordList,
testSpacePath,

testSpace_path,testSpace_arr_path trainbunch_vocabulary_path):
bunch = readBunch(testSetPath)

testSpace = Bunch(target_name=bunch target_name,
label=bunch label, filenames=bunch filenames, tdm=[],
vocabulary={})

1ZEHY testSpace

testSpace_out = str(testSpace)
saveFile(testSpace_path, testSpace_out)

trainbunch = readBunch(trainSpacePath)

vectorizer = TfidfVectorizer(stop_words=stopWordList,
sublinear_tf=True, max_df=0.5,

vocabulary=trainbunch.vocabulary)
transformer = TfidfTransformer()
testSpace.tdm = vectorizer.fit_transform(bunch.contents)
testSpace.vocabulary = trainbunch.vocabulary




testSpace_arr = str(testSpace.tdm)

trainbunch_vocabulary = str(trainbunch.vocabulary)
saveFile(testSpace_arr_path, testSpace_arr)
saveFile(trainbunch_vocabulary_path, trainbunch_vocabulary)

# AN

writeBunch(testSpacePath, testSpace)

def bayesAlgorithm(trainPath, testPath tfidfspace_out_arr_path,
tfidfspace_out_word_path testspace_out_arr_path,
testspace_out_word_apth):
trainSet = readBunch(trainPath)
testSet = readBunch(testPath)
clf = MultinomialNB(alpha=0.001) fit(trainSet .tdm, trainSet.label)

# print(shape(trainSet.tdm)) #§jH EalREfEAISEEY

# print(shape(testSet.tdm))

"GP bat S

tfidfspace_out_arr = str(trainSet.tdm) # QR

tfidfspace_out_word = str(trainSet)

saveFile(tfidfspace_out_arr_path, tfidfspace_out_arr) # %EFEFZZL
B9 train_set.txt

saveFile(tfidfspace_out_word_path, tfidfspace_out_word) # M7~

RS train_set.txt

testspace_out_arr = str(testSet)

testspace_out_word = str(testSet.label)
saveFile(testspace_out_arr_path, testspace_out_arr)
saveFile(testspace_out_word_apth, testspace_out_word)

"B

predicted = clf.predict(testSet.tdm)
total = len(predicted)
rate =0




for flabel, fileName, expct_cate in zip(testSet.label, testSet.filenames,
predicted):
if flabel != expct_cate:
rate += 1
print(fileName, ":SCFR2EH! : ", flabel, "-->FHMISER : ",
expcet_cate)
print("bayes model erroe rate:", float(rate) * 100 / float(total), "%")

def svm_algorithm(trainPath, testPath,tfidfspace_out_arr_path,
tfidfspace_out_word_path testspace_out_arr_path,
testspace_out_word_apth):
trainSet = readBunch(trainPath)
testSet = readBunch(testPath)

1!1&51]}#‘“1
model = OneVsRestClassifier(svm.SVC(kernel="linear"))#15&iF& 14
SBM £ EHEEE

clf = model fit(trainSet.tdm, trainSet.label)

448 bar T

tfidfspace_out_arr = str(trainSet.tdm) # QTR

tfidfspace_out_word = str(trainSet)

saveFile(tfidfspace_out_arr_path, tfidfspace_out_arr) # KERERZT
HY train_set.txt

saveFile(tfidfspace_out_word_path, tfidfspace_out_word) # M7
F2ZCAY train_set.txt

testspace_out_arr = str(testSet)

testspace_out_word = str(testSet.label)
saveFile(testspace_out_arr_path, testspace_out_arr)
saveFile(testspace_out_word_apth, testspace_out_word)




RS

predicted = clf.predict(testSet.tdm)
total = len(predicted)
rate =0

for flabel, fileName, expct_cate in zip(testSet.label, testSet.filenames,

predicted):

if flabel !=expct_cate:
rate += 1
print(fileName, ":SCFR2EH! : ", flabel, "-->FUMIZES : ",

expct_cate)

print("svm model error rate:", float(rate) * 100 / float(total), "%")

#
if __name__=='__main__":

datapath = " /data/" #|FRIREHERREE

stopWord_path = " /stop/stopword txt"#Z 1 I§1E

test_path =" /test/" #IRTERRR1Z

test_split_dat_path = " /test_set.dat" #IHEES 1A bat SRR

testspace_dat_path ="/testspace.dat"  #U{ERHZEEFE dat
X

train_dat_path = " /train_set.dat"

tfidfspace_dat_path =" /tfidfspace.dat" #tf-idf jAJ3R= B[ EAY dat
X1

m

VAEPINN dat IKHERAR | BRATIFIESRMEY , REFTF
test_split_path ="' /split/test_split/'  #MIHEDTIERE
split_datapath = " /split/split_data/" # I$/RIREIED1RZERYIEL




G ir

U ERN RS R RIS ERERE AR LAERZEBE1TH]
HERFS

tfidfspace_path = " /tfidfspace.txt" # 4§ TF-IDF ja[RI&2{FR1FEN txt ,
hEEE

tfidfspace_arr_path = "/tfidfspace_arr.txt" # J§ TF-IDF ial3iika4&
R®EH xt, HEEE

tfidfspace_vocabulary_path = " /tfidfspace_vocabulary txt" # &5
HHNACEITHERGREN «xt , HEEE

testSpace_path = " /testSpace.txt" #IHEDTEHER

testSpace_arr_path = " /testSpace_arr.txt" #UIXEERRIEIHEER

trainbunch_vocabulary_path = " /trainbunch_vocabulary.txt" #f785
DiaERER

tfidfspace_out_arr_path = "/tfidfspace_out_arr.txt"  #tfidf EjHEE
[HER

tfidfspace_out_word_path = " /tfidfspace_out_word.txt" #E2{AZ T
AY txt

testspace_out_arr_path = "./testspace_out_arr.txt" #i3t EE 5y
HIEFEE

testspace_out_word_apth =" /testspace_out_word.txt" #M3k 5R
s

m

LAE 10 NXER dat SKHFAL txt S, RERALUEIIER |
XZENLP (BAESAE ) IEERRIIAER

)| 5E
segText(datapath MISENETE
split_datapath)#%g)HH 531455
bunchSave(split_datapath /1N 53151455R
train_dat_path) # HOIERIE
stopWordList = getStopWord(stopWord_path) # IREVSFRIEZER




getTFIDFMat(train_dat_path, iR\ alfiE[E1=
stopWordList,  #REUSHEIEZER
tfidfspace_dat_path, #tf-idf {308 [RI=AY dat 14
tfidfspace_path, #HIESER txt 44
tfidfspace_arr_path #%H1ESTAEME txt ST
tfidfspace_vocabulary_path) ##giHH 81 txt 3044

#HE NS
segText(test_path,
test_split_path) # XFMHXEEENIS |, BHD1EER
bunchSave(test_split_path,
test_split_dat_path) #
getTestSpace(test_split_dat_path,
tfidfspace_dat_path,
stopWordList,
testspace_dat_path,
testSpace_path,
testSpace_arr_path,
trainbunch_vocabulary_path)# BN RN |, 1F
Faial , ERE |, BHRHESE) (e dat 3UFERE)
svm_algorithm(tfidfspace_dat_path,
testspace_dat_path,
tfidfspace_out_arr_path,
tfidfspace_out_word_path,
testspace_out_arr_path,
testspace_out_word_apth)
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RESEARCH-INFORMED LITERATURE

[

s/

References - too few. Also use school standard.
Don't use superscript. Essential areas covered but
the algorithms used could be described in a little
more detail.

KNOWLEDGE AND UNDERSTANDING

[




y‘ Good contextualisation of problem and quite a lot

of pre-processing required before algorithms
could be used. More detail of algorithms and their
strengths in this area could have been included.
Methods used for evaluation need to be better
documented.

ANALYSIS

17

[

y‘ You do not provide a detailed evaluation. The

accuracy figures 9% and 11% are a start. but F1
scores, AUC, etc would help here. Your dataset

could be better analysed - check/correct for biases.

Have you applied cross-validation/ tuned your
parameters and hyperparameters?

PRACTICAL APPLICATION AND DEP.

20

[

y‘ Some very good work here in pre-processing your

dataset. Algorithms applied but you need to
document oyur choice of parameters/hyper-
parameters.
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y" Comments in code are in Chinese - | can't read

Chinese. Refs poor. One or two typos.
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