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deployment 307
logging 326
on relational database 313
response time 312
scalability and speed requirement 310
scoping input size 308
server component 325
server example 332
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k-means 146–163
canopy clustering 155–160
case study 160–163
description of 147–148
MapReduce job 150–151

LDA (latent Dirichlet allocation) 177–183
applications of topic modeling 182–183
case study 180–181
TF-IDF vs. 179
tuning parameters of 179–180

model-based 171–177
deficiencies of k-means algorithm 172–173
Dirichlet clustering 173–174
example 174–177

problems 163–165
exclusive clustering 164
hierarchical clustering 164–165
overlapping clustering 164
probabilistic clustering 165

clustering problems in Stack Overflow, 
finding 222–224

clusters, reducing number of 205
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cross(Vector) method 364
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database-based data 32
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system 31
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algorithm 174
MapReduce job version of 176–177
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DisplayKMeans class 149
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data at speed 320–324
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segment bytes 321–323
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study 349–352
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overview 245
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incremental 316
optimizing 309
optimizing at scale 309
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overview 261
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study 353
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update 32
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fraud detection
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classifier problem 245
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Functions 364–365
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fuzzy k-means algorithm 168–171
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k-means 170–171
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39, 76

GenericBooleanPrefUserBasedRecommender 
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getPoints function 121, 123
getPreferencesFromUser() method 36
getPreferenceValue() method 36
getQuartile() method 290
getQuick(int) method 363
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hadoop jar 200
HADOOP_CONF_DIR 201
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overview 317
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algorithm 156–158
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machine learning, themes 3–5
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222, 366
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running using random seed generator 151–155
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implementation 362–363
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Matrix 365–366
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measuring, distance (continued)
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case study 349
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mixture modeling 173
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case study 354–356
model-based algorithm 171–177

deficiencies of k-means algorithm 172–173
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overview 234
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work flow for 240–244
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