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New Media
Data Analytics and Application

Lecture 10: Text Mining and Data Visualization

Ting Wang



* Text Mining
— Data Visualization using Python
« Data Mining Essentials

La10)2 09
v SHANGHAT INTERNATIONAL STUIHES UNIVERMTY



.l’.védl @1%) f

online text data mining based on natural language processing

Text Mining




Text Mining

Now, we have data, how to mining it?

Data
Word Visualization
Frequency and
Computation Prediction

Word

Segmentation
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' Text Mining

Case Description

Motivations:
* To measure a news objectively
 To obtain new information efficiently

Methodologies:

 Describe a news report by guantitative method

 Technical integration by computer science, statistics and
journalism
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' Text Mining
Steps:
S
£.

Download a news report

Word segmentation

Word tag extraction and statistical computing
Data visualization and news summarization

> W e
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Text Mining

Step 1: Download a News Report
« Example: http://news.sina.com.cn/w/2018-05-21/doc-ihawmatz9906261.shtml

‘ @® news.sina.com.cn/w/2018-05-21/doc-ihawmatz9906261.shtml

ARKEAXEEWEGHRT BURGNSHEEEX A A
News also can be

RIRE: 7Bl AXERREWBEHRFT

obtained by web EEE (2WBHERIE) 200i%E, REEE. *E. X0 HEFNFENIZEREEDE—R
Y, BRIEMHER201SESBOFRMINY, FRRBSHERRIPHNMNER. REREERETF2S
crawler or databases A BARILEEAN, FIEEH20AE3 3ERABBALNESASLESETEHINL, HiF

A, ETREENNEER, BEEESHHRERIFIMY, BEHR, XPBERFFIE.

Europe, China, Russia discussing new deal for Iran

Europe, China, Russia
discussing new deal for Iran
(EPRAERIR) NBSEATREBNUESR, B8, ZE. ZE. #PHMtERNSKERET
AX, BEXEFSLHE, FHERERESIMEREMNM. SHNENEEHYEERBFRZENT—

TitiE.

REFR, FHPNFN201SFRFERIMABIL, EFIERFFIEESEMEXABBNER, RREE
TR RN BUEBIRNE. WNRFIMNEEBIAR, BT RRISHE BRI FERHIE.

(B388 5 S I EE RS SR AR MR B A T 20 AR ARIRE RIS, bk
@ L259):3 4 ? HEHFER, AAENSERASNETHEFRNYAIEEENET, © SR/ TBEE ARG %X
) L] s
B it sty EEFLUEAL.



Step 2: Word segmentation (1)

Database Preparation
« Word Dictionary (required)
« Stop Word Dictionary (required)
* Dictionaries of Terms (optional)
« Word Chains (required if using N-gram)
« Part of Speech (optional)
« Word Sentiment (optional for Sentiment Analysis)

Text Mining

La10)2 09
v SHANGHAT INTERNATIONAL STUIHES UNIVERMTY



Text Mining

Step 2: Word segmentation (2)
Chinese Word Segmentation

— FMM
— BMM
— N-gram

G g AN ATk

NG=/  SHANGHAIINTERNATIONAL STUDIES UNIVER

def word_seg_fmm(content): #1E [5] PLEZ
MaxLen=10 #& K
Len=MaxLen #3125V 137 &
Seg_Content="" #j [0] ff] V] B 45 3

while len(content)>0:
if content[0:Len] in WordMap: #i7] i 51 4 LA
Seg_Content=Seg_Content+content[0:Len]+" | "
content=content[Len:]
Len=MaxLen
#print("Seg_Content1:"+Seg_Content)
continue
else: #17) # H L ILED
Len=Len-1
if Len==1:#{ 38 —MAE & ILECE]
Seg_Content = Seg_Content + content[0:Len] + " | "
content = content[Len:]
Len = MaxLen
#print("Seg_Content2:" + Seg_Content)
return Seg_Content[:-1]

def word_seg_bmm(content): #i¥ [7] DLEZ
MaxLen=10 #& K
Len=MaxLen #3125 V) 37 K
Seg_Content="" #1& [A] f] V) & 4 R

while len(content)>0:
if content[-Len:] in WordMap: #i7] #it 5 75 JL A
Seg_Content=content[-Len:]+" | "+Seg_Content
content=content[:-Len]
Len=MaxLen
#print("Seg_Content1:"+Seg_Content)
continue
else: #7d] . H L ILEL
Len=Len-1
if Len==1:#{ Jo] — M I & [LACE]
Seg_Content = content[-Len:] +" | " + Seg_Content
content = content[:-Len]
Len = MaxLen
#print("Seg_Content2:" + Seg_Content)
return Seg_Content[:-1]




' Text Mining

Step 2: Word segmentation (3)

 Tips for Chinese Word Segmentation
— Initialization Is very important

— Segment in the memory (not hard disk or data bases)
to accelerate the segmentation speed

— Using “set” to store the dictionary, and “dict” for
segmented words in Python

— For Tag Analysis, a precise word segmentation is
unnecessary
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' Text Mining

Step 3:Word Tag Extraction and Statistical Computing
— str.split() for all tags
— Discarding One-Char tags
— Discarding Stop-Word tags

— Select tags whose term frequencies are larger than
a threshold (for example >2)

— Other statistical computing
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Text Mining

Step 4: Data Visualization and News Summarization
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' Text Mining

Data Visualization using Python

* Necessity: Installation
— NumPy (Computing Package) Sequence
— Scipy (Scientific Computing Package)
— Pillow(Image)
— Matplotlib (Diagram Package)
— wordcloud (Word Cloud Package)

» Some packages also need some other required packages
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Text Mining

Result

EMRIE (FMM) Z8:

BlwEl: |zlgl: 1ExlElclElbElsiE=ITI NI | ElER] (288 wslD 12lolaklal, kalzzl. 2l |=2]. |[g&25m]tEl s
=l alEElmEl—mlwinyl, |F2lElklesl2lolls|El&2 mlElzlm], 131 m sl eslelag]. xelssssbelglF2] 5] a5 | gt
|#tt |27 | e, |mlsEtl2lola g3 g lmaEa| AL wE|mAl selgsglise |z mel. |99l |[S$TFles|asalhglaR], |Bk|s=]| 5]+l
s|@lsig s, [ElEmlnl, EelesHcmEL T T ddzsnaliesbgl I eRls2l Az lslEalxml, 28] xEl. 1=3]. g2
gilznleE|mlml s =lETIRF], [ElEzElr2|dm], |Es|ea|2a|enlEemal. |2l en|2lE |2 les e e sl w =] | ]
| | Imilel, |shnxdmlzlol1lsIElmle ezl lael, |05 s e s | wx | s o] 2] |5E35|*ﬁl‘fauli'ﬂﬂlil‘lfﬁﬁﬁlﬁﬂluftil%ﬁblp\]@
| [zl |sess lixne], B80T |l el = [eselxslpeel ool il |11 | 1E131E IS 85 8L |20 | 2] w88 L | | ] i s | 0| e | s
Axlzlo| Blmle|mz| skl sl | balEslrrlEs], | |salalmlatan]cxslige | # =zl elamlmlas]. | lE21asmm] 8| skl alax
sz, [T | 122wl 2ol axlvalsimslz], 12l slelelzin | slelzlesizeiss] | | lemlzl= 121o]
Bl#xl. |1+EJ|EF|E’IJI B [l [l vl B B ] e A R v =N i Boskad I 0 B b= S Rt e By ESs] kol Revnd N P S s o N Bl Bl = = B

It

L LTI | 1 erles|enai2lolalm], 1215181l 58l Ean e ezl ], |wlnlee= e lwalse], w8 my o=

|, [mwlwnlgilolanl, [leelEs ], eolEsssglmn s el malalaalolnml, el ezl lss]. [#ElETaelne]as
AMMeElRlslERl nelesnlEx|caelwsz ], [eolasimbez], |aElwslesliremlzlazzlolsl, Hmle| a4 28lolsElElET 2l
LTI | Iml < 2sEaleibg) el |zlElsslshez], |28 salme]. Iw|Imﬂlrlil|E@I?ﬁl%ﬂﬁl*ﬂl?lxﬁu|E|ﬁaﬁﬁla_ |75
welEsnl. |mealmeleslma], |RElszlesElzlny], |walxlEsElslzex3a]. |wRlsrlarliinl, |7mesr| 5= | 6l e ol o) 1
I, 1] lemleslolmglenlEslaR] | IBExla|esZElslelglssiFmlalmed. [T 1 IRl 1eEldarzislmelEmlrlalmazl £lm 2] o]
Blx| (sl lieslsxl, |sslElaslnlstlelzliazm b oyl srlnsl. |Bnlmslsasgl—al2lelwmtulnlns], [RlElEklenlst
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Text Mining

Conclusions -
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machine learning approaches for data mining

Data Mining Essentials




Data Mining Essentials

Data Mining

— Data Mining is the power for producing high-
quality journalism.

— Data Mining Is an interdisciplinary subfield of
computer science, and statistics.

Information / Knowledge

Las 359
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Data Mining Essentials

Social Demands

-Data production rate has increased
dramatically (Big Data) and we are able
store much more data

— E.g., purchase data, social media data,
cell phone data

*Businesses and customers need useful or
actionable knowledge to gain insight from
raw data for various purposes

— It’s not just searching data or databases

The process of extracting useful patterns from raw data is
known as Knowledge Discovery in Databases (KDD)

La10)2 09
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Data Mining Essentials
KDD from Data Bases

——
Machine Learning
Statistics ( Knowledge )
Natural Language Processing
Selection Pattern Recognition Interpretation or
Evaluation
I s s |
Preprocessing |100176 Transformation [ H1]76 Data Mining
o |50]3 » [Med] 3 >
18 |94 Low| 94
2 |1 L 1
Target Data =
Preprocessed Transformed Patterns
Data Data
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Data Mining Essentials

Data

e Continuous Data
— Regression

* Discrete Data
— Classification
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Data Mining Essentials

Data Feature (1)

Feature also called as Measurement, Attribute

« Nominal

— Operations:
* Mode (most common feature value), Equality Comparison

— E.g., {male, female}

e Ordinal

— Feature values have an intrinsic order to them, but the difference
IS not defined

— Operations:
e same as hominal, feature value rank

— E.g., {Low, medium, high}
Libs1-i2



Data Mining Essentials

Data Feature (2)

e Interval

— Operations:

o Addition and subtractions are allowed whereas divisions and
multiplications are not

— E.g., 3:08 PM, calendar dates
» Ratio

— Operations:
« divisions and multiplications are allowed

— E.g., Height, weight, money quantities
Libs1-i2



Data Mining Essentials

Data Quality

* Noise
— Noise is the distortion of the data
« Qutliers
— Outliers are data points that are considerably different from other data points in
the dataset

» Missing Values
— Missing feature values in data instances

— Solution:
* Remove instances that have missing values
 Estimate missing values, and
 Ignore missing values when running data mining algorithm

* Duplicate data
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Data Mining Essentials
» Data Preprocessing (1)

* Aggregation
— It is performed when multiple features need to be combined into
a single one or when the scale of the features change
— Example: image width , image height -> image area (width x
height)
* Discretization
— From continues values to discrete values
— Example: money spent -> {low, normal, high}
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Data Mining Essentials
» Data Preprocessing (2)

 [Feature Selection
— Choose relevant features

* Feature Extraction
— Creating new features from original features
— Often, more complicated than aggregation
« Sampling
— Random Sampling
— Sampling with or without replacement
— Stratified Sampling: useful when having class imbalance
— Social Network Sampling
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Data Mining Essentials

Machine Learning

 Supervised Learning
— Classification
— Regression

» Unsupervised Learning
— Clustering
— Dimensional Reduction
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Data Mining Essentials

Supervised Machine Learning
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Learning
Algorithm

Training
Set

Induction

1

ﬁ

Learn
Model

Test Set

DeductionT

ﬁ Model #

Apply
Model

Parameter
Setting

Unlabeled



Data Mining Essentials

Classification

Prediction Result with Labeled Discrete Value

. _ : A
KNN(K-Nearest Neighbors) A B A

. - -r- O " ~
Linear Classifier A w N g

* Neural Networks [ aaN\ \E

. j o® '
Support Vector Machine - |\ \ia)

* Decision Tree LY /

A ~_ O 7
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Data Mining Essentials

Multiple decision trees can be
learned from the same dataset

Splitting Attributes

w‘
v

Verified

Verified
Account

Celebrity

Yes

050K

ID | Celebrity | Verified Account | # Followers | Influential?
1 | _Yes No 1.25M No
2-"1"No Yes 1M No
3 No Yes 600K No
4 Yes Unknown 2.2M No
) No No 850K Yes
6 No Yes 750K No
7 No No 900K _Yes
8 No No 700K - No
9 Yes Yes 1.2M .-~ No
10 | No Unknown Yes

NoxUnknown

Account
No.,/Unknown

\rjo

Number of
Followers

Number of
Foll
<800 K RN\ 00K <800 K

(a) Learned Decision Tree 1

La10)2 09
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7
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Data Mining Essentials

Regression (1)
Prediction Result with Unlabeled Continuous Value

15F

- Xin b1 n
. X2n 52 Y2




Data Mining Essentials

Regression (2)
Nonlinear Regression

e Linearization o
0.30 -
1. Transformation

E 0.25 1

©
y=a"U ) In(y)=In(a)+bz+u g°
S 0.151
2. Segmentation € 1ol

split up into classes or segments and linear 0.05 1 / —

regression can be performed per segment 0.00

0 1000 2000 3000 4000
Substrate concentration
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Data Mining Essentials

Unsupervised Machine Learning

machine learning task of inferring a function to describe hidden
structure from unlabeled data
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Data Mining Essentials

Clustering
* Clustering Goal: Group together similar items

 Clustering algorithms group together similar items

—The algorithm does not have examples showing how the samples should be
grouped together (unlabeled data) e

Similarity Computing (1) ‘ o
—The most popular (dis)similarity | ™ s
measure for continuous features | .
are Euclidean Distance and §
Pearson Linear Correlation ‘

AX,Y)=+/(z1 —y1)?+ (@2 —12)* + -+ (xn —yn)? = Vi (@i — 13)?
Lias1ra)2 9

5 X
X §><x
x Xx X

S il B B ey 6w S
[m} D
[m]
; Eg
>

o~ O
8%0

1 2 3 4 5 6 7 8 9 10
X




Data Mining Essentials

Similarity Computing (2) X = (21,22, 2n)
X and Y are n Dimensional Vectors Y = (y1,%2,- - Yn)
Measure Name Formula Description
Mahalanobis d(X,Y)=+/(X-Y)'S" (X -Y) X,Y are features vec-

tors and X is the co-
variance matrix of the
dataset

Manhattan (L; norm) d(X,Y)=>,|zi — vl X, Y are features vec-
tors

1
n

L,-norm d(X,Y) =, lxi —wil™) X, Y are features vec-

tors

Once a distance measure is selected, instances are grouped using it.

i Xk P
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Data Mining Essentials
Pearson Linear Correlation AR hZe &

Correlation Coefficient % % Relations between

px = B[X] . .
v — E[Y] Variance and Covariance
cov(X,Y) r o 2
PxXy = ox = E[(X - E[X])"] = E[X"] - [E[X]]
’ ox0y 7} = El(Y - E[Y)?] = E[Y*] - [ E[Y]}

E[(X — px)(Y — py)] = E[(X - E[X])(Y - E[Y])] = E[XY] - E[X] E[Y]
Where, covV is the covariance

o is the standard deviation

cov(X,Y) =E[(X — px)(Y — py)]
E[XY]| - E[X]E[Y]

VEX - [EX]? VEY?] - [E[Y]?

Lzt 2y

p=-1 -T< p =<0

PXyYy =




Data Mining Essentials

Film Ranking Correlation
Superman was rated 3 by Mick LaSalle and 5 by Gene Seymour, so it is placed at (3,5) on the chart.

Gene Seymour Lisa Rose
5 Superman 5
4 . .o"' 4
Dupree . T Snakes, , «=* §u-p.ennan
o * Lady et =
3 It Night Listener 3 _[h_gb; Listener
. * DUPI'EE ........ I_ad)f
2 2 ="
Just My Luck
1 1
1 2 3 2 5 Mick LaSalle 1 ) 3 1 5 Jack Matthews
Pxy = 04 pxy =0.75

L1229  Conclusion: Films recommended to Lisa, also can be recommended to Jack.



Data Mining Essentials

Dimensional Reduction
Principal Component Analysis (PCA)

1. PCA is a statistical procedure converts a set of observations of possibly
correlated variables into a set of values of linearly uncorrelated variables

called principal components.

2. The number of principal components is less than or equal to the number
of original variables.

3. This transformation is defined in such a way that the first principal component
has the largest possible variance, and each succeeding component in turn has
the highest variance possible under the constraint that it is orthogonal
to the preceding components.

L1249 Ref. http://www.cnblogs.com/SCUJIN/p/5965946.html ) ]
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| Reference

Books and Chapters (1)
https://item.jd.com/11983227.html

Chapter 1-2 ‘} 2
Machine Learning Package Installation : e A
Machine Learning Theory Foundations ag;"g&!

—UEFEAE ol s LN

ABARLDI

: A
N X“X‘ﬂ
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https://item.jd.com/11983227.html

Reference

Books and Chapters (2)
https://item.jd.com/11803260.html Mo

Chapter 5 ?i‘*ﬂiméif‘

Data Mining Essentials

Online Reference:
http://www.public.asu.edu/~huanliu/
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https://item.jd.com/11803260.html
http://www.public.asu.edu/~huanliu/

Reference

Books and Chapters (3)

https://item.jd.com/11676691.html
Python Data Visualization

© Python BUETRK
R

Lib31-9i% 5.9


https://item.jd.com/11676691.html

Reference

Books and Chapters (4)

https://item.jd.com/11667512.html
Programming Collective Intelligence
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v SHANGHAT INTERNATIONAL STUIHES UNIVERMTY


https://item.jd.com/11667512.html

Reference

Python Extension Packages
http://www.Ifd.uci.edu/~gohlke/pythonlibs/

& X | ® www.lfd.uci.edu/~gohlke/pythonlibs/ +r H

Unofficial Windows Binaries for Python Extension Packages

by Christoph Gohlke, Laboratory for Fluorescence Dynamics, University of California, Irvine.

This page provides 32— and 64-bit Windows binaries of many scientific open—source extension packages for the official CPvthon distribution of the Pvthon programming
language.

The files are unofficial (meaning: informal, unrecognized, personal, unsupported, no warranty, no liability, provided “as is™) and made available for testing and
evaluation purposes.

If downloads fail reload this page, enable JavaScript, disable dowmload managers, disable proxies, clear cache, and use Firefox. Please only download files manuallwy
as needed.

Most binaries are built from source code found on PyPI or in the projects public revision control systems. Source code changes, if any, have been submitted to the
project maintainers or are included in the packages.

Refer to the documentation of the indiwidual packages for license restrictions and dependencies.

Use pip wersion & or newer to install the dowmloaded .whl files. This page is not a pip package index.

Nany binaries depend on mumpwv-1.11+mk] and the Microsoft Wisual C++ 2008 (x64, 26, and SP1 for CPython 2.6 and 2.7), Visual C++ 2010 (x64, x86, for CPython 3.3 and
3.4), or the Visual C++ 2015 (x64 and x86 for CPython 3.5 and 3.6) redistributable packages.

Install pumpvtmkl before other packages that depend on it.

The binaries are compatible with the official CPython distribution on Windows >=6.0. Chances are they do not work with custom Python distributions included with
Blender, Maya, ArcGIS, 0SGeodW, ABAQUS, Cygwin, Pythonxy, Canopy, EFD, Anaconda, WinPython etc. Many binaries are not compatible with Windows ¥P or Wine.

The packages are ZIP or Tz files, which allows for manual or scripted installation or repackaging of the content.

The files are provided “as is” without warranty or support of any kind The entire risk as to the quality and performance is with youw

Index by date: greenlet pygresql netcdfd lzml pyamg Jjupyter oython liblinear ocobra pyboxZ2d fastcluster wvlfd sfepy pytables hbpy grako
fonttools pymol pygame pyflux matplotlib  spacy cwtoolz apsw chainer mathutils wveusz mercurial pyeda numpy cveopt pywavelets pymonga gr
persistent aichttp pyodbe twisted ets vtk pocketsphinxk simpleaudio pyaudio sounddevice fisx tensorflow multiprocess libsbml cwxcanon spectrum
pyvrml 97 ta-lib  pythonmagick pyzmq triangle pgmagick ujson wappi pwfltk mod_wsgi pyfftw pyv_gd pyviemnacl python-ldap openpiv pyx mpidpy pyephem
pyemd planar mysqlclient xxhash zarr regex ode spyder lsagfit farm? fisher ffnet entropy autopy slycot sparsesvd sce ecos sasl  twalnmodule
dulwich datrie cx_oracle cyordereddict coverage cdecimal cartopy blz bigfloat aspell-python simpleparse milk menpo marisa—trie 1list setproctitle
hddm hmmlearn seqlearn jsonlib rtree rtmidi—python udunits heatmap scikit-umfpack scikits. vectorplot kwant tinvarray rpy2 fiona cx_freeze opencv

@ I-g !"wj“-&} ‘? netifaces multineat basemap py-earth pulp mlpy reportlab pyminuit pymetis python-snappy python-lzo python-levenshtein python-lzd pystemmer
” -
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Reference

Data Visualization in Python

* http://it.sohu.com/20151119/n427117609.shtml
 http://www.oschina.net/translate/python-data-visualization-libraries
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http://it.sohu.com/20151119/n427117609.shtml
http://www.oschina.net/translate/python-data-visualization-libraries

Reference

Using WordCloud

— http://blog.csdn.net/tanzuozhev/article/details/50789226
— https://www.oschina.net/code/snippet 2294527 56155

Chinese Display
— http://blog.csdn.net/u012705410/article/details/47379957
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http://blog.csdn.net/tanzuozhev/article/details/50789226
https://www.oschina.net/code/snippet_2294527_56155
http://blog.csdn.net/u012705410/article/details/47379957

Reference

Provided Repositories for Social Mining
— http://socialcomputing.asu.edu
— http://snap.Stanford.edu

— https://github.com/caesar0301/awesome-public-
datasets
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Thank You

http://www.wangting.ac.cn





