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#1TweetResearch

How can we make the real world 
of intelligent information systems 

good for its inhabitants?



The Real World of Technology

Ursula Franklinôs 1989 Massey Lectures

Technology is not just artifacts. Rather:

ÅIt is process

ÅIt affects people

ÅIt is a product of volition, was designed, could be 
designed other ways

Must understand people and social structures 
surrounding our technology.
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Recommender Architecture



Common Approaches

ÅNon-personalized

ÅContent-based [Balabanoviĺ, 1997; others]

ÅCollaborative filtering
ÅUser-based [Resnick et al., 1994]

ÅItem-based [Sarwar et al., 2001]

ÅMatrix factorization [Sarwar et al., 2000; Funk, 
2006]

ÅHybrid approaches [Burke, 2002]

ÅLearning to Rank



Evaluating Recommenders

Many measurements:

ÅML/IR-style experiments with data sets
ÅMeasure error of predicting user ratings (RMSE, 

MAE)
ÅMeasure accuracy of retrieving userôs 

rated/liked/purchased items (P/R, MAP, MRR, 
NDCG)

ÅUser studies and surveys

ÅA/B testing in the field
ÅEngagement metrics
ÅBusiness metrics



Research Goals

Premise: Algorithms perform differently
No reason to think one size fits all! [McNee et al., 2006]

Questions:How do they differé
é in objectively measurable output?

é in subjective perception of output?

é in user preference (observed and articulated)?

é in impact on users and community?

Objective: So we can build a better world of 
technology
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An open-source toolkit for building , researching, and 

learning about recommender systems.



LensKit
Ekstrand et al., 2011

build

prototype and study recommender applications

deploy research results in live systems

research

reproduce and validate results 

new experiments with old algorithms 

research algorithms with users

make research easier 

provide good baselines

learn

open-source code

study production-grade implementations



LensKitin Use

ÅEngine behind user-facing recommenders
ÅMovieLens, ~3K users/month

ÅBookLens, built into Twin Cities public libraries

ÅConfer system for CHI/CSCW

ÅSupports education
ÅCoursera MOOC (~1000 students)

ÅRecommender classes @ UMN, TX State

ÅUsed in research (> 20 papers)



Algorithm Architecture

Principle
Build algorithms from reusable, reconfigurable 
components.

Benefits
ÅReproduce many configurations

ÅTry new ideas by replacing one piece

ÅReuse pieces in new algorithms

Enabled by Grapht, our Java dependency injector.



Evaluator

ÅCross-validate rating data sets

ÅTrain and measure recommenders

ÅMany metrics
ÅPredict: RMSE, MAE, nDCG (rank-accuracy)

ÅTop-N: nDCG, P/R@N, MRR

ÅEasy to write new metrics

ÅOptimized: reuses common algorithm 
components



Research Outcomes

ÅPublic, open-source software, v. 3.0 coming 
soon

ÅDirect publications
ÅSoftware presented in RecSys 2011 paper and 

demo
ÅPaper on Grapht under review for J. Object 

Technology

ÅSupported additional research on 
recommender interfaces (Kluver et al., 2012; 
Nguyen et al., 2013)

ÅUsed by various systems and researchers



Ongoing Work

ÅFinishing LensKit 3.0 with simplified tooling, 
better integration

ÅRe-launching programming portion of MOOC

ÅImproving efficiency of algorithms, evaluator

ÅSeveral student projects
ÅEfficient strategies for tuning hyperparameters

ÅUnderstanding and improving performance over 
time

ÅDocumenting current best practices and making 
them accessible defaults
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When Recommenders Fail
Ekstrand and Riedl, RecSys2012

When do algorithms make mistakes?

Do different algorithms make different 
mistakes?

Do different algorithms perform better 
for different users?



Data and Setting

ÅMovieLens (http://movielens.org)
ÅMovie recommendation service & community

Å2500-3000 unique users/month

ÅExtensive tagging features

ÅSnapshots of rating database publicly available
ÅML-10M: 10M 5-star ratings of 10K movies by 70K 

users

ÅAlso: ML-100K, ML-1M, ML-20M

http://movielens.org/


Algorithms Considered

ÅUser-based collaborative filtering (User-User)

ÅItem-based collaborative filtering (Item-Item)

ÅMatrix factorization (FunkSVD)

ÅTag-based recommendations (Lucene)

ÅPersonalized user-item mean baseline (Mean)



Outcomes

Counting mispredictions ( ὴ ὶ πȢυ) gives 
different picture than prediction error.

Consider per-user fraction correct and RMSE:
ÅCorrelation is 0.41

ÅAgreement on best algorithm: 32.1%

ÅRank-consistent for overall performance



Marginal Correct Predictions

Q1: Which algorithm has the most successes 
( πȢυ)?

Qn+1: Which has the most successes where 
1én failed?

Algorithm # Good %Good Cum. % Good

ItemItem 859,600 53.0 53.0

UserUser 131,356 8.1 61.1

Lucene 69,375 4.3 65.4

FunkSVD 44,960 2.8 68.2

Mean 16,470 1.0 69.2

Unexplained 498,850 30.8 100.0



Lessons Learned

ÅAlgorithms make different mistakes

ÅLooking at ówas wrong?ô can yield different 
insight then aggregating error

ÅDifferent users have different best algorithms

ÅRoom to pick up additional signal
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Research Questions
Ekstrand et al., RecSys2014

RQ1
How do subjective properties affect choice of 
recommendations?

RQ2
What differences do users perceive between lists of 
recommendations produced by different algorithms?

RQ3
How do objective metrics relate to subjective 
perceptions?

With GroupLens, Martijn Willemsen



Experiment Design

ÅEach user was assigned 2 algorithms
ÅUser-User

ÅItem-Item

ÅFunkSVD

ÅUsers answered comparative survey
ÅInitial ówhich do you like better?ô

Å22 questions
ÅóWhich list has more movies that you find appealing?ô

Åómuch more A than Bô to ómuch more B than Aô

ÅForced choice selection for future use





Experiment Features

Joint evaluation: users compare 2 lists 
enables more subtle distinctions than separate eval

harder to interpret 

Factor analysis: 22 questions measure 5 
factors 

more robust than single questions 

structural equation model tests relationships 

New problem: SEM on joint evaluation



Hypothesized Model
































































