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Retrospec1ve User Model Evalua1on  

•  Pros 
– No new user data needs to be collected 
–  Verify/configure/compare user modeling approaches 
before deployment 

•  Cons 
– Actual, “in situ”, experimental deployment is 
necessary to finalize the evalua1on 

– Not all aspects of user modeling mechanisms can be 
evaluated like this / not suitable for all UM 
approaches 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What Can Be Blended in a User Model 

Evalua1on 

Synthesis 

Analysis 

Applica1on ( solve problems)§ 

Comprehension (view examples) 

Knowledge (read texts) 

? 

3 

* Bloom, B. S. (1956). Taxonomy of Educa1onal Objec1ves, Handbook I: The 
Cogni1ve Domain. David McKay Co Inc., New York. 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Agenda 

•  Modeling Users from Heterogeneous Sources 
– Without Blending 

– With Blending 

•  Experimental Results 

•  Discussion 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User Modeling. Educa1onal Domain 

•  Collec1on of learning objects (problems, 
examples, texts) 

•  Domain vocabulary (bag of words, taxonomy, 
ontology) 

•  LOs described in terms of the vocabulary 

•  User interac1on with LOs update modeled 
user knowledge of concepts (overlay) 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Modeling User Knowledge 
For Problem Solving. Example 

•  For every concept c of problem p 
k0=0 

€ 

kn +1 = kn + res× (1− kn )
2 ×

kn ≤ .5 ′ w 
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kn > .5 ′ w 
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result: 0 – error, 1 ‐ correct 

1mes problem was 
solved correctly 

weight of concept 
c in problem p 

sum of all concept 
weights in problem p 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Knowledge growth 

•  Problem solving knowledge is of a greater 
interest (can people apply their knowledge?) 

•  However, example browsing could also have a 
tangible impact (w.r.t. problem solving) 

•  Blend evidence of user problem solving and 
example browsing for the good of the UM 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Blended Modeling of User Knowledge 

•  For every concept c of problem (example) p 
k0=0 

€ 

kn +1 = kn +     × res× (1− kn )2 ×
kn ≤ .5 ′ w 

2
kn > .5 ′ w 

 
 
 

′ w =
wc,p

wci p succ attp +1( )
i
∑4

W = 1 for problems 
W = [0,.1,.2,…,.8,.9,1] for examples 

W 
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Research Ques1ons 

•  Using example browsing ac1vity when 
modeling problem solving improves model 
accuracy?  

•  Different users benefit from different “blends” 

•  Find a single op1mal blend for all users, OR 

•  Determine classes of users benefipng from 
different blends 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V. Yudelson 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2009 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Experimental Results 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Experimental Setup 

•  Data collec1on 
–  4 database Courses (1 grad, 3 undergrad) 
– University of PiIsburgh: Fall 2007, Spring 2008 
–  114 students, 56 worked with our tools hard enough 
–  48 problems and 64 examples available 

•  Basic Per‐Semester Sta1s1cs 
–  25‐160  problem aIempts per user (16‐30 dis1nct 
problems aIempted) 

–  45‐260 clicks on examples per user (10‐40 dis1nct 
examples explored) 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Sample Problem 

Michael 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Sample Example 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Experimental Procedures 

•  For each user 
– Compute 11 user models: 
•  0% of example ac1vity impact problem‐solving model 
(in terms of scale of each knowledge update) 

•  10%, 20%, … 100% 
– 56 users * 11 blends = 616 models 

•  For each model 
– Compute accuracy of predic1ng correct problem 
solu1on 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Methods and Measures 

•  Accuracy (modeling problem‐solving) 
– correct‐predic1ons‐of‐outcomes/all‐cases 

•  Existence of the blend preference 
– Check whether certain blends work for users best? 
(“best” blend), both individually and globally 

•  Classify users 
– Number of best blends 

Michael V. Yudelson 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Blend vs. Accuracy 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Different 
number of 
“best” blends 

Users and “Best” Blends 

•  Compare accuracy of 0% blend to the others 
•  Individual blend (0% vs. personal best) 
– Personal best is beIer: p‐value=.001 

•  Community blend (0% vs. others) 
– 40% and 50% blends score significantly higher 
(p‐value=.023) 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Users and “Best” Blends (cont’d) 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No difference 
(15 people) 

High 
(17 people) 

Medium 
(22 people) Low 

(2 people) 

Users and “Best” Blends (cont’d) 

•  “Low” – 2 rare cases of just 1 blend preference 
– 80% and 100% 

•  “Medium” – inclined towards higher blends 
– 90% blend sta1s1cally superior to others 
–  (p‐value=.037) 

•  “High” – follow global trend (40,50% blends, 
p‐value=.049) 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Discussion 

•  Why accuracy is generally low? 
– Can we do something about it? 

•  Why the inter‐group difference is so small? 
– Can we do something about that? 

•  The presence of adapta1on poten1ally injects 
noise 

•  How about other approaches to user 
modeling? 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Thank you! 

•  Ques1ons? 

Michael V. Yudelson (C) 2009  22 


