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Effects of Online Recommendations on Consumers’ Willingness to Pay 

Appendix 1: Screenshots  

Studies 1 & 2 Only: multiple songs per page 
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Study 3 Only: One song per page 
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Appendix 2: Recommender System  

Using the song rating data collected as Task 1 in Study 1, we compared 6 popular recommendation 

techniques, summarized in Table A1, to find the best-performing technique for our dataset.  The techniques 

included simple user- and item-based rating average methods, user- and item-based collaborative filtering 

(CF) approaches and their extensions (Breese et al. 1998; Sarwar et al. 2001; Bell and Koren 2007), as well 

as a model-based matrix factorization algorithm (Funk 2006; Koren et al. 2009) popularized by the recent 

Netflix prize competition (Bennet and Lanning 2007).   

Performance of recommendation algorithms was evaluated using two metrics: accuracy and 

coverage.  Predictive coverage captures the percentage of items for which a given algorithm is able to make 

estimations of consumer’s preference ratings.  In many cases with the high sparsity of the dataset (i.e., not 

enough information is known for some items or users), some algorithms may provide predictions with high 

quality, but only for a small portion of the popular items that have received a great amount of consumers’ 

ratings.  The value of predictive coverage ranges from 0 to 1, with higher values being more desirable.  A 

coverage value of zero means that the algorithm was unable to make any predictions, while a coverage value 

of 1 means the algorithm was able to predict ratings for all items and users.   
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The predictive accuracy metric computes the closeness of the system-predicted ratings to users’ true 

ratings.  The deviation between the system-predicted rating and the corresponding user’s actual rating is 

computed as a prediction error.  To compute prediction errors on a given dataset, the root mean squared 

error (RMSE) is one popular metric widely adopted by real-world applications to aggregate individual 

prediction errors into a composite measure.  RMSE squares each individual error (deviation) before 

aggregating them, thereby assigning larger penalty for bigger prediction errors.  Mathematically, 𝑅𝑅𝑅𝑅 =

�∑ (𝑅𝑢,𝑖
∗ − 𝑅𝑢,𝑖)2(𝑢,𝑖)∈𝑇 /|𝑇|, where R*

u,i represents the system-predicted rating for user u and item i, Ru,i is 

the actual user’s rating, and T is the set of consumers’ true ratings used for performance evaluation (i.e., test 

dataset).  Since RMSE is an error-based accuracy metric, the lower the RMSE value the more accurate is the 

recommendation algorithm.   

The predictive accuracy of each recommendation technique was evaluated using the standard leave-

one-out cross-validation approach commonly applied in the fields of statistics and data mining (Mitchell 

1997, p. 432).  Using the leave-one-out approach, we exclude one rating from the given dataset and build a 

predictive model using all other ratings as the training data.  The prediction error of the model is then 

evaluated using the one rating that was previously excluded from model training.  This process is repeated on 

every rating in the dataset.  Thus, for a dataset with n ratings, we construct n predictive models, each based 

on a different training dataset of n-1 ratings, and evaluate each model using the corresponding testing rating 

that is left out from model training.  To compute the overall prediction accuracy, the prediction errors of 

these predictive models are aggregated as RMSE.   

Based on the empirical results in Table A1, the predictive coverage values of all six tested 

recommendation algorithms were 1, meaning that all six algorithms were able to compute predictions for 

every song in our dataset.  In terms of predictive accuracy, collaborative filtering (CF) algorithms provided 

the highest performance on our dataset; and, consistent with the literature (Deshpande and Karypis 2004; 

Adomavicius and Tuzhilin 2005), item-based CF performed slightly better than the user-based CF approach.  

On average, the predicted rating estimated by the item-based CF algorithm was about 0.779 stars off the 
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actual user ratings on a 5-star rating scale.  Based on our results, we chose to use the item-based CF (IBCF) 

approach as the technique for our recommender system (for all three studies).   

 

Table A1.  Comparison of Recommendation Techniques on Song Rating Dataset. 

Methodology Description 
Predictive 
Accuracy 
(RMSE) 

Predictive 
Coverage 

Item Average Predicts each user-item rating as an average rating of 
that item (or user, for user-based approach). 

0.8936 1 

User Average 0.8505 1 

User-Item Average 
Computes unknown ratings with baseline (i.e., “global 
effects”) estimates of corresponding users and items. 

0.8190 1 

Item-based CF 
For each user-item rating to be predicted, finds the most 
similar items that have been rated by the user (or finds 
the most similar users who have rated the same item, for 
user-based approach) and computes the weighted sum 
of neighbors’ ratings as the predicted rating. Similarity 
is computed based on Pearson correlation coefficient 
(Konstan et al. 1997; Sarwar et al. 2001). 

0.7790 1 

User-based CF 0.7893 1 

Matrix Factorization 

Decomposes the rating matrix to two matrices so that 
every user and every item is associated with a user-
factor vector and an item-factor vector.  Prediction is 
done by taking the inner product of the user-factor and 
item-factor vectors. 

0.8120 1 

 

Specifically, the item-based collaborative filtering approach makes predictions of unknown ratings 

for an item on the basis of the ratings previously received by this item’s “nearest neighbors”, i.e., other items 

that have similar rating patterns.  That is, the value of the unknown rating for user u and item i is computed 

as an aggregate of the same user u’s ratings on similar items.  A common aggregation approach is to use the 

weighted sum of the neighbors’ ratings, where the similarity measure between two items is used as a weight.  

The more similar an item j and the target item i are, the more weight will be carried by the rating provided on 

item j by user u in the weighted sum when computing the prediction for item i.  Specifically, the predicted 

rating for user u on item i is computed as:   

𝑅𝑢𝑢∗ =  𝑏𝑢𝑢 +
∑ 𝑠𝑠𝑠𝑖𝑖 × �𝑅𝑢𝑢 − 𝑏𝑢𝑢�𝑗∈𝑁(𝑢,𝑖)

∑ �𝑠𝑠𝑠𝑖𝑖�𝑗∈𝑁(𝑢,𝑖)
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Here N(u,i) is a set of “neighbors” with similar rating patterns to item i that have been previously consumed 

by user u, simij is the similarity between items i and j, and bui is the baseline estimate for user u on item i, i.e., 

bui = µ  + bu + bi, where µ  is the overall average rating of the dataset (i.e., global effect), bu is the average 

observed deviation from µ  on ratings provided by user u (i.e., user effect), and bi is the average observed 

deviation from µ on ratings given to item i (i.e., item effect).  Normalizing the dataset by removing the 

baseline estimate from each rating is a suggested data pre-processing step in the literature to further improve 

the predictive performance of collaborative filtering recommendation algorithms (Bell and Koren 2007).  In 

our implementation, the similarity between two items is calculated as the Pearson correlation coefficient 

between their rating vectors (based on the users who rated these items in common), as suggested by the 

literature (Sarwar et al. 2001).  We first computed the song similarities based on initial rating data collected 

in the song-rating task (in which each participant rated at least 50 songs).  We then applied the item-based 

CF algorithm to estimate consumers’ preference ratings on the 40 songs that were indicated as not owned by 

the participant.   

Appendix 3. Robustness Checks Analyses for Studies 1-3 

To check the robustness of the results, we conduct two additional sets of analysis for Studies 1-3:  

• Fixed effect analysis: see Table A2a, A3a and A4a;  

• Random-effect analysis with bootstrapping error estimation: see Table A2b, A3b and A4b.   

Results from the two sets of analysis are highly consistent with the main results in the paper.   

Table A2a. Study 1 fixed effects regression results 

 Model 1 
GLS, FE 

Model 2 
LogNorm, FE 

Model 3 
Tobit 

ShownRating 3.552(0.92)*** 0.163(0.03)*** 3.533(0.78)*** 
PredictedRating 6.343(1.66)*** 0.402(0.13)*** 6.410(1.84)*** 

Constant -5.237 (4.43) 0.698(0.37)  
R2 0.0587 0.0543  
Ç2 27.28*** 65.52*** 29.54*** 
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Table A2b. Study 1 random effects regression results (with bootstrapped error term) 

 Model 1 
GLS, RE 

Model 2 
LogNorm, RE 

Model 3 
Tobit, RE 

ShownRating 3.533(0.87)*** 0.162(0.03)*** 3.530(0.85)*** 
PredictedRating 6.235(1.26)*** 0.396(0.10)*** 6.215(1.76)*** 

Controls    
male -9.466(7.57) -0.910(0.43)* -9.463(7.00) 

undergrad -3.819(22.37) -0.335(1.25) -3.826(21.91) 
age -1.366(3.49) -0.069(0.22) -1.362(3.80) 

usedRecSys -12.437(8.47) -1.152(0.53)* -12.439(8.20) 
country 2.608(2.80) 0.204(0.17) 2.611(4.68) 

rock 1.634(4.03) 0.275(0.23) 1.635(5.13) 
hiphop -0.468(2.91) 0.076(0.26) -0.459(6.33) 

pop 3.176(3.86) 0.091(0.24) 3.176(7.53) 
recomAccurate -3.963(4.77) -0.238(0.38) -3.961(6.45) 
recomUseful 4.193(3.64) 0.294(0.33) 4.200(6.64) 
buyingFreq 1.921(4.82) 0.227(0.21) 1.927(4.20) 

songsOwned -4.120(5.04) -0.276(0.36) -4.109(6.26) 
constant 18.543(96.05) 1.220(5.77) 18.425(107.64) 

R2 0.214 0.268  
Ç2 89.35*** 144.28*** 60.36*** 

 

Table A3a. Study 2 fixed effects regression results 

 Model 1 
GLS, FE 

Model 2 
LogNorm, FE 

Model 3 
Tobit 

ShownRating 2.245(0.880)* 0.121(0.049)* 2.245(0.392)*** 
PredictedRating 8.787(1.414)*** 0.567(0.082)*** 8.797(0.832)*** 

Constant 7.613(23.674) 1.065(1.564) 7.587(25.841) 
R2 0.0587 0.0543  
Ç2 27.28*** 65.52*** 29.54*** 

 

Table A3b. Study 2 random effects regression results (with bootstrapped error term) 

 
Model 1 
GLS, RE 

Model 2 
LogNorm, RE 

Model 3 
Tobit, RE 

Perturbation 2.245(0.85)* 0.121(0.05)* 2.245(0.84)* 
PredictedRating 8.787(1.55)*** 0.567(0.07)*** 8.797(1.14)*** 

Controls    
Male -2.203(5.17) 0.108(0.39) -2.203(5.31) 

Undergrad -4.814(5.35) -0.173(0.31) -4.814(7.28) 
Age -0.351(1.08) -0.007(0.08) -0.351(1.36) 

usedRecSys 3.944(4.9) 0.116(0.33) 3.944(4.94) 
country -2.646(2.17) -0.166(0.17) -2.647(2.4) 

rock -1.92(1.83) -0.245(0.14) -1.92(2.18) 
hiphop 0.146(2.76) -0.046(0.13) 0.146(2.21) 

pop -0.921(2.61) -0.065(0.19) -0.921(2.56) 
recomAccurate 1.089(2.51) 0.081(0.21) 1.089(2.94) 
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recomUseful 3.886(2.68) 0.218(0.17) 3.886(3) 
buyingFreq 2.712(2.21) 0.334(0.15)* 2.711(2.52) 

songsOwned -3.576(3) -0.139(0.19) -3.576(3.43) 
constant 7.613(27.86) 1.065(1.84) 7.587(29.96) 

R2 0.1580 0.1850   
Ç2 72.07*** 183.64*** 111.81*** 

 

Table A4a. Study 3 fixed effects regression results 

 Model 1 
GLS, FE 

Model 2 
LogNorm, FE 

Model 3 
Tobit 

ShownRating 1.993(0.65)* 0.099(0.03)*** 2.003(0.72)* 
PredictedRating 8.463(1.35)*** 0.607(0.08)*** 8.674(1.41)*** 

DisplayOrder 0.119(0.16) -0.004(0.01) 0.117(0.14) 
DisplayOrder × ShownRating 0.085(0.11) -0.002(0.01) 0.092(0.1) 

Constant 1.993(0.65)* 0.216(0.3) -9.882(4.5)* 
R2 0.0635 0.0729  
Ç2 72.15*** 65.86*** 44.87*** 

 

Table A4b. Study 3 random effects regression esults (with bootstrapped error term)  

 
Model 1 
GLS, RE 

Model 2 
LogNorm, RE 

Model 3 
Tobit, RE 

ShownRating 1.998(0.7)* 0.1(0.04)* 1.999(0.58)*** 
PredictedRating 8.458(1.46)*** 0.604(0.09)*** 8.457(1.57)*** 

DisplayOrder 0.119(0.12) -0.004(0.01) 0.119(0.17) 
DisplayOrder × ShownRating 0.089(0.09) -0.002(0.01) 0.09(0.08) 

Controls    
Male -1.412(3.72) -0.129(0.27) -1.412(5.58) 

Undergrad -0.837(7.28) 0.278(0.37) -0.836(6.04) 
Age -0.086(1.08) 0.013(0.07) -0.086(0.99) 

usedRecSys 5.141(5.47) 0.359(0.32) 5.141(4.64) 
country 3.935(1.83)* 0.241(0.12)* 3.935(2.05) 

rock 1.457(2.23) -0.036(0.15) 1.457(2.91) 
hiphop 0.18(1.84) -0.02(0.12) 0.18(2.07) 

pop 0.548(1.87) 0.092(0.14) 0.548(2.18) 
recomAccurate -3.263(2.34) -0.208(0.11) -3.262(2.69) 
recomUseful 4.288(2.03)* 0.331(0.12)* 4.288(2.41) 
buyingFreq 2.806(2.23) 0.108(0.14) 2.806(2.94) 

songsOwned -1.819(3.01) -0.122(0.21) -1.819(3.21) 
constant -32.288(27.71) -1.592(1.95) -32.286(30.63) 

R2 0.1881 0.2455  
Ç2 175.71*** 140.54*** 124.70*** 
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