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What is Klout ?







Problem Statement


● Topic assignment at scale:
○ ~650 M new pieces of data daily 
○ hundreds of millions of users
○ ~10,000 topics assigned
○ Daily update 


● Multiple Social networks and various data sources:
○ Twitter, Facebook, LinkedIn, Google+, Wikipedia
○ User activity, profiles, connections


● Publicly recognisable topics 







Problem Statement - Applications


● User Profile 


● User targeting 
○ Question routing
○ Who to follow
○ Perks


● Content Recommendations 
○ User topics interest 
○ Users audience aggregate interest







Challenges in social data


● Message size: Overall data size may be 
huge, but message size per user may be 
small.


● Text Sparsity: Many users may be 
passive consumers of content.


● Noise: colloquial language, slang, 
grammatical errors, abbreviations.


● Context: Need to expand context to get 
more information







Challenges to Scale: NLP vs Knowledge Base Dictionaries 


NLP* - StanfordNLP english.conll.4class.distsim.crf.ser.gz  


● Speed Matters (650M messages a day): 
○ Stanford Named Entity Extraction - 10.959 ms (82.0 CPU days)
○ Dictionary - 0.056ms (0.42 CPU days)


● Corpus
○ Stanford Named Entity Extraction:


■ {‘the rule of law’=1.0}
○ Dictionary based:


■ {‘the rule of law’=1.0, ‘nsa’=1.0, ‘eff’=1.0}







Why use data from multiple networks?


Fig. 1. Verbosity distribution across social networks Fig. 2. Phrase overlap on social networks


● Verbosity of users is different on different networks
● Phrase overlap across social networks is small
● Networks complement each other 







Data Pipeline


Entity Dictionary







System Details


● Topic Assignment runs as a bulk job on the Hadoop MapReduce stack
○ HDFS, Hive, HBase


● Exploded Resource footprint (uncompressed reads/writes from HDFS):
○ Feature Generation: 55.42 CPU days, 6.66 TB reads, 2.33 TB writes
○ Score generation: 11.33 CPU days, 3.78 TB reads, 1.09 TB writes 


● Hive User Defined Functions (UDFs) implement utilities for data aggregation and 
transformation.


● Machine Learned models are trained offline and improved regularly.







Feature Engineering


● A Topic Feature is bag-of-topics:
○ eg. TW_MSG_TEXT => { (topic1, 1.0), (topic2, 


3.0), … (topicN, 1.0) }
○ A particular topic may occur in multiple bags of 


topics.


● Data sources are attributed to users as:
○ Generated: Original text, urls created and 


shared by a user.
○ Reacted: Reactions to original content from a 


user.
○ Credited: Attributions that do not depend 


directly on the activity of a user.
○ Graph: Topics derived for friends, followers, 


connections.


Generated


Reacted
Credited







Feature Engineering


GP_URL_META_90_DAY_CREDITED
TW_FOLLOWERS_GRAPH
LI_SKILLS_GENERATED


FB_MSG_TEXT_90_DAY_REACTED


Network Data Source Time Window Attribution


● Each Feature is encoded as <network>_<data-source>_<time-window>_<attribution>


● Extensibility to create new features is important for experimentation and prototyping
○ eg. Add a new time window, or a new data source







Ground Truth


● Since we want socially recognizable 
topics, members in a user’s social 
graph evaluate topics for the user. 


● Order is not considered during 
labeling.







Evaluation and results


Model Building:
● Transform bag of topics to a feature 


vector for each topic user pair (ti, u).
● Train a Binary Classification model using 


ground truth data.
● Evaluate on test set


Comparisons:
● Single Network comparison
● Attribution Comparison
● Most Predictive Features







Examples







LASTA vs. single networks 


Better long tail performance: 
LASTA assigns topics to a higher 
percentage of users, compared to 
using a single network. 


More comprehensive per user:
LASTA assigns more topics per user 
than a single network.







Cross-Network topics







Key Takeaways


● Do not ignore the long tail.


● Using more than one social network offers the opportunity to get a deeper understanding of 
users.


● Expanding context is important for topic derivation.


● If you are designing a production system, ensure it has the following characteristics:
○ It is extensible
○ It allows fast experimentation and prototyping


● Topical Expertise ?


● KDD2014 Paper avaiable @ http://dl.acm.org/citation.cfm?id=2623350



http://dl.acm.org/citation.cfm?id=2623350





Questions?






