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import tweepy
from tweepy import OAuthHandler
consumer_key |
consumer_secret =
access_token
access secret ( ! C
auth = DAuthHandler{consumer key, consumer secret)

auth.set_access_token(,5. 555 31 33l ajy0 3557 guaSl 5235 23319 Jxa)
api = tweepy.API(auth)

oolatl b b3 (51,3 Sl S5y 231900 OAuth 3,8 g0 OAUth S sk 51 JLal ol
2 230 ) (Authorization) jgze S5y cplddb (2 .9 dobige € 9 Aud G9) 12 g >
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for status in tweepy.Cursor(api.home_timeline).items(10):
# Process a single status
print(status.text)
099 hle B Cusgs 316 10 Cudgde b 9 oui g y1,S5 yguo 4 Cursor o 43ulS interface
json yge 4 b ledlbl wublgs 81 g tiwyisn (29,5 4 text Cygo 4 9 Jpe status
LS oolaiwl _json Jie jl Cwl 35 09 03l inled
for status in tweepy.Cursor(api.home_timeline).items(10):
# Process a single status
process_or_store(status._json)
S 5l 4 ¥ x5k sy 1) (1 08 JL30) follower (2led Cwd pedlgsn AS )guas
(oS Jos

for friend in tweepy.Cursor(api.friends).items():




process_or_store(friend._json)
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for tweet in tweepy.Cursor(api.user_timeline).items():

process_or_store(tweet. json)
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def process_or_store(tweet):

print(json.dumps(tweet))
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trom tweepy i T Stream
from tweepy.streaming import StreamListener

s MyListener{StreamListener}:

det on_data(self, data):
try:
with open(’python.json’, °
f.write(data)

return

return True

- on_error(self, status):
print(status)

return True

twitter stream = Stream(auth, MyListener()})
twitter stream.filter(track=[ #python’
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by a8 ol 4S B9 3.8 (2 o3 json LB S 0g)ys 9 LS cdlys realtime 5 4489 Oso
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https://gist.github.com/bonzanini/af0463b927433c73784d
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import json

with open( mytweets.json’, 'r"}) as
line = f.readline()
tweet = json.loads(line)
print({json.dumps(tweet, indent=4))
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02! 4 515 8 ol Sl dily (2 Cngs Slgims Olad dS text (g WUT 89,5 Sl S pud
Jas ol (5 4085 (S5 Canud 0 &) 4S 39 opeaald Sz 5SS Caad 4y gl (o 4S s
el 2 IS8 S35 b 03,5 tokenise |y
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from nltk.tokenize i t word_tokenize
tweet = 'RT {@ma ni: just an example!
print{word_tokenize(tweet))

rCawl ) Sy b 4 Jlyyl Cwsgd (29,5

# ['RT','@', 'marcobonzanini', "', 'just’, 'an’, 'example’, 'l", "', 'D', 'http’, "',

'//example.com', '#', 'NLP']
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regex str = [
emoticons_str,

tokens_re = re.compile(r'('+'|"'.join(regex_str)+')’', re.VERBOSE | re.IGNORECASE)
emoticon_re = re.compile( +emoticons_str+'%", re.VERBOSE | re.IGNORECASE)

tokenize(s):
return tokens re.findall(s)

preprocess(s, lowercase=
tokens = tokenize(s)
if lowercase:
tokens = [token if emoticon_re.search{token) else token.lower() for token tokens]
return tokens
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# ['RT', '@marcobonzanini', "', 'just’, 'an', 'example', '!', ":D', 'http://example.com’,

"HNLP']
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for line in f:

tweet = json.loads(line)
tokens = preprocess(tweet[ "text'])
do _something else(tokens)
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counter g collection 4LulS U 5l oslaiwl b §03,S (owy |y ot o33 Sla Cangs b 4y S 5o
@ 0 033 S Cugd S0 oui 41,5 S (1S53 most_common() A dldad gy 4
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Uiigs 0L 9o Ygaan aSly Jayy By (grdil JgaB 3y90 dS Gl Sz IS 4SS (ol (29,5

D 03,8 IS8 u5yla 1y 1SS e Adiens

[(":', 44), ('rt', 26), ('to', 26), (‘and’, 25), ('on’', 22)]
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import json
rom collections import Counter

fname = "m
with open(fname
count_all = Counter()
for line T
tweet = json.loads(line)
terms_all = [term for term preprocess(tweet] "text'])]

count_all.update(terms_all)

print{count_all.most common{5))

views.py @

view

n nltk.corpus import stopwords
ort string

punctuation = list(string.punctuation)
stop = stopwords.words( english') + punctuation + ['rt", "via']

25 208 53 3al &S 08 (pdSoler 1y ) US 4SS edlgine (i Jlie US 4SS Ol Glbes Sl V>
A2 inled Jayy B9y i L |y (2819 WS

terms_stop = [term for term in preprocess(tweet['text']) if term not in stop]
gy dlgs ) Kb d (29,

[('python’', 11), ('@miguelmalvarez', 9), (‘#python’, 9), (‘data’, 8),
(‘@danielasfregola’, 7)]
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mysite > blog »

terms_single = set(terms_all)

terms _hash = [term for term preprocess(tweet[ "text"])
if term.startswith( ' #")]

terms _only = [term for term preprocess(tweet[ "text"])
if term stop
term.startswith(('#", '@"))]

13)S Aplg> S ) Kb 4 (295

[(‘#python', 9), ('#scala', 6), ('#nosql’, 4), ('#bigdata’, 3), ('#nlp’, 3)]

:33349\55“&42&\4.;&)\)&303@3

[('python', 11), (‘data’, 8), ('summarisation’, 6), (‘twitter', 5), ('nice’, 5)]
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from nltk import bigrams

terms _bigram = bigrams(terms stop)

S b (29,5 9394 (2 st B Caugl yd @b dolS (o9 Sl bigram &b 1 oolaiwl b

ooy )

[(('nice’, 'article'), 4), (('extractive’, 'summarisation'), 4), (('summarisation’,

'sentence’), 3), (('short’, 'paper'), 3), (('paper’, 'extractive'), 2)]
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mysite » blog > VIEWS.pY

o pip install vincenﬂ
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oS gy ) S b

views.py @

W | e

word freq = count terms only.most common(28)

labels, freq = zip({*word freq)

data = {'data’: freqg, 'x': labels}
bar = vincent.Bar{data, iter_idx="x")
bar.to_json{ term_freq.json"}
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<title>Vega Scaffol
<script src="h js" charset="utf-8"»</script>
<script sre="httf
<script sre="httg B 5" charset="utf-8"></script>
<script src="htip a.js"»</script>
</head>
<body>
<div id="vis"></div>
</body>
<script type script™>
// parse a ate a visualization view
function parse(spec) {
vg.parse.spec(spec, function(chart) { chart({el:"#vis"}).update(); });
!
parse(“term_freq
</script>»
</html>
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python -m http.server 8888 # Python 3
python -m SimpleHTTPServer 8888 # Python 2
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http:localhost:8888/chart.html
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mysite » blog > ViEWS.pYy

Pip install panda{

.ﬁ@ﬁmxjﬁwjtoa&u\pb#a)y&mw

for line f:
tweet = json.loads(line)

terms_hash = [term for term preprocess(tweet[” ‘1) if term.startswith('#')]
al" terms_hash:
_ITAVWAL . append(tweet[ 'c
ones = [1]*len{dates_ITAvWAL}
idx = pandas.DatetimeIndex(dates_ITAvWAL)

ITAVWAL = pandas.Series(ones, index=idx)

per_minute = ITAvVWAL.resample( 1Min', how="sum®).fillna(®)
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match_data = dict(ITAvWAL=per minute i, SCOVIRE=per_minute s, ENGvFRA=per_minute_e)

all matches = pandas.DataFrame(data=match_data,
index=per_minute_i.index)

all matches = all matches.resample{ '1Min’, how="sum').fillna(@)

time_chart = vincent.Line
time chart.axis titles
time_chart.legend(titl
time_chart.to_json(’
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