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Abstract

Recommendation systems have long been evaluated by collecting a large number of
individuals’ ratings for items, and then dividing these ratings into test and train sets to
see how well recommendation algorithms can predict individuals’ preferences. A complaint
about this approach is that the evaluation measures can only use a small number of known
preferences and have no information about the majority of recommended items. Prior
research has shown that offline evaluation of recommendation systems using a test/train
split methodology may not agree with actual user preferences when all recommended items
are judged by the user. To address this issue, we apply traditional information retrieval test
collection construction techniques for movie recommendations. An information retrieval
test collection is composed of documents, search topics, and relevance judgments that tell
us which documents are relevant for each topic. For our test collection, each search topic is
an individual who is looking for movies to watch. In other words, while the search topic is
always “Please recommend me movies that I will be interested in watching,” the context of
the search topic changes to be the individual who is requesting the recommendations. When
document collections are too large to be completely judged by assessors, the traditional
approach is to use pooling. We followed this same approach in the construction of our test
collection. For each individual, we used their existing profile of rated movies as input to
a wide range of recommendation algorithms to produce recommendations for movies not
found in their profile. We then pooled these recommendations separately for each person
and asked them to rate the movies. In addition to rating, we also had each individual rate
a random sample of movies selected from their ratings profile to measure their consistency
in rating. The resulting new test collection consists of 51 individual ratings profiles totaling
123,104 ratings and 31,236 relevance judgments. In this thesis, we detail the creation of the
test collection and provide an analysis of the individuals that comprise its search topics,

and we analyze the collection’s relevance judgments as well as other aspects.
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Chapter 1

Introduction

Recommender systems have become an important part of our digital experiences, particu-
larly in the domain of movie watching. These systems help users go through vast amounts
of content to find films they're likely to enjoy. A recommender system analyzes user pref-
erences and actions to suggest relevant items, which in this thesis are movies. As these
systems are continuously evolving, the methods used to evaluate their performance need to
improve as well. This thesis presents a novel approach to recommender system evaluation

that is inspired by information retrieval test collection construction techniques.

1.1 Research Motivation

Traditionally, recommender systems were usually evaluated by using methods from machine
learning by using historical ratings from users to assess algorithm performance (
, ). The process involved splitting the dataset into training and test sets. The

training data was utilized to build and fine-tune the algorithm. The test set contains

unseen data and was used to evaluate the algorithm’s predictive accuracy. The way a



system or algorithm is evaluated is to check its ability to predict accurate ratings based on

the test set.

Root Mean Square Error (RMSE), which measures the average magnitude of prediction
errors, was mostly used to assess rating accuracy. The recent shift in recommender systems
from predicting rating accuracy to evaluating ranking quality of lists with metrics like
Normalized Discounted Cumulative Gain (NDCG) was a step forward ( :

). Although these approaches have been widely used, there are some limitations that

reduce their effectiveness for real-world scenarios.

The first problem with this traditional method is the fact that users only provide rating
for a subset of movies they have seen. This becomes an issue for evaluation measures, as
they only have access to data on rated items, while unrated movies might also have been
seen before by a user. Moreover, the ratings provided by users do not have a random
distribution, as the pool of items that users have previously rated are influenced by other
recommendation algorithms or other factors as mentioned by ( ): For
instance, popular items have a higher chance to be rated while niche movies receive far
fewer interactions from users. Also, if no one has rated a movie, it is most likely not
going to be recommended by an existing system, which leads to others not being exposed
to it, and the loop continues. Consequently, many discrepancies will happen, as many
recommended items may end up having no or very few user ratings. This leaves no way to

assess their recommendation quality with existing methods.

This setting can lead to a situation in which different lists of recommendations are
tagged as equally good. For better understanding, consider a case where we have a random
user who hates horror movies and therefore, has not provided any rating for this genre in
their profile. Imagine we also have two algorithms named A and B at hand. They each
provide a top five movie recommendation list. Both lists have a highly-rated movie (e.g.,

Star Wars) in the fifth position. Assume that we know the user has previously provided a



rating of 5 for that item. However, the top four recommendations from algorithm A include
one horror science fiction movie, e.g., Alien. On the other hand, algorithm B recommends
romance and drama films as the top four. If the user hasn’t rated any of these top four
recommendations, then no interaction between this user and those movies exists in the test
or training set. Now, let’s compare these two recommendation lists. NDCG is a commonly
used metric for evaluating ranking systems. It measures the quality of a ranking list based
on the position of relevant items. The basic formula for NDCG at position k is:

DCG@k

Where DCG@k is the Discounted Cumulative Gain up to position k. The discounting is
used to give less weight to relevant items that appear at the end of the list. If we consider
a relevance score (rel(i)) for each item that is at position ¢, the formula for DCG@k would

be:
K rel;

DCGQK = ]; NG

and IDCG@k is the best possible DCG up to position k. Ideal DCG comes from having
a sorted list of items based on their relevance score from top to bottom. When there
is no previous rating for an item, there is no way to know its relevance score using this
evaluation metric, therefore, the score for these items is usually zero. Let’s assume that
the relevance score of each item is its previous rating from that user, so the higher the
rating, the more relevant the item. In our example, when calculating NDCG@5 for both
recommendation lists, the results would be identical because the only rated item in the
test set (Star Wars with a rating of 5) appears in the same position (5th) in both lists.
This movie was included in the recommendations because it was part of the test set, for
which the recommendation algorithms didn’t have access to the user’s ratings. The top 4

items in both lists have no ratings in the test set, so they don’t contribute to the NDCG

score. Figure 1.1 illustrates this setting.



Algorithm A Top 5 Recommendations Algorithm B Top 5 Recommendations

Alien (Horror Sci-Fi) - No rating Romance 1 - No Rating

Action 1 - No Rating Drama 1 - No Rating

Action 2 - No Rating Romance 2 - No Rating

Comedy 1 - No Rating Drama 2 - No Rating

Figure 1.1: Comparison of NDCG@5 Calculations for Algorithm A and Algorithm B

Since the test set is the same for both algorithms, their IDCG values would be the same
and we only need to see DCG@5 for both lists:

DCG@5:O+0+O+O+L =1.93
log,(5+ 1)
DCGa@
NDCG@5 = CGas =1.93/5.0 ~ 0.38

IDCG@5

Therefore, these two systems are considered equally effective. However, the user knows
that they dislike any kind of horror movies. Therefore, any list of recommendations that
includes horror movies is considered poor recommendation for them. But the issue here
is that our evaluation of these two different recommendation algorithms is flawed without
knowledge of what the user thinks of these movie recommendations. Assuming that the
user would hate to be recommended Alien and would not mind the other recommendations,

we’d be able to say that Algorithm A is providing worse recommendations than Algorithm



B, but under the traditional test/train split methodology used in recommendation systems

evaluation, the algorithms look the same, but they are very different.

To address these limitations, we draw inspiration from information retrieval (IR) test
collection methods. In this setting, we have some documents, search topics, and relevance
judgments for each topic that indicate the relevance of documents for that topic. We view
search topics as users. Therefore, instead of focusing on predicting ratings for consumed
items, we aim to evaluate a system’s ability to recommend items that users are interested

in consuming.

After recruiting participants, we utilized their full profile of rated movies as input for a
diverse list of recommendation algorithms. Then, we pooled the outputs of each algorithm
for each participant. Pooling is a method where one combines (or “pools”) the top-ranked
results from multiple recommendation algorithms to create a single set. The next step
was having participants judge these recommendations based on their interest in watching
rather than their satisfaction after watching. So we move away from “what is your rating

after watching this item” to “how interested are you in watching this item”.

This approach allows us to collect user relevance judgments for the top recommended
movies, thus minimizing the number of recommended movies for which we don’t know if
the user would like to be recommended them or not. By doing so, we address one of the
key limitations of traditional offline evaluation methods, where many recommended items

lack user feedback.

This process resulted in the creation of a novel test collection from 51 participants with

123104 ratings and 31236 relevance judgments.



1.2 Thesis Overview

In this research, we built a test collection using standard techniques from information re-
trieval by recruiting Movielens users directly from its website. For each phase, we provided
each participant with personalized recommendations from a diverse list of both traditional
and state-of-the-art algorithms, and gathered their feedback on multiple factors such as
familiarity, previous or perceived rating, and their interest in watching each recommended
movie. Finally, participants were asked to provide a ranking of their top three titles from
the pool of their most desired movies. Chapter 2 is focused on previous work in the
field, especially test collections in information retrieval, various modes of evaluating rec-
ommender systems, and the history of Movielens datasets. Chapter 3 explains the process
of recruiting participants, gathering rating profiles from them, and training multiple mod-
els and compiling the pool of recommended items to be shown to each user. In Chapter
4, we report our various findings from the user study including participant demographics,
their differences with average Movielens users, and the factors that could describe their

willingness to watch an item. Lastly, Chapter 5 wraps up this thesis.

1.3 Contributions

This thesis makes the following contributions:

e Constructing a novel test collection for recommender system evaluation.

e Providing a detailed analysis of user behavior and insights into the relationship be-

tween predicted ratings, familiarity, and interest in watching movies.

e Identifying significant differences between highly engaged MovieLens users (study

participants) and average users.



Chapter 2

Related Work

2.1 Test Collections in Information Retrieval

As defined by ( ), a test collection in information retrieval (IR) is
made up of some documents, queries or search topics, relevance judgements. The aim of
having this definition and setting is to find out which documents are relevant with respect
to each query. One can also view test collections as datasets. Using a standardized test
collection, various algorithms and retrieval methods can be evaluated and compared under

consistent conditions ( , ).

It is common to credit the origins of modern retrieval system evaluation to the 1960s
Cranfield experiments. These experiments, which were first conducted by
( ), marked an important change in the direction of controlled, empirical testing. Their
focus was on the effectiveness of various indexing languages and how to improve the overall

retrieval quality of IR systems.

On the other hand, efforts have been made to establish ongoing workshops with the goal

of encouraging the use of suitable evaluation measures and the development of innovative

7



evaluation methods. The most prominent workshop in the domain of IR is the Text

REtrieval Conference (TREC) ( : ). The conferences are held by
the National Institute of Standards and Technology (NIST) of the US government and the
first one was in 1992 ( , ). One of the many benefits of TREC evaluation

approaches has been the enhancement of numerous search methods. According to
( ), from 1999 up to 2009, because of the presence of TREC, users based out of

US saved about 3.15 billion hours in internet usage time.

2.2 Evaluation in Information Retrieval

There are two main methods to evaluate IR systems, namely online and offline evaluation
methods. Online evaluation revolves around assessing the quality of an IR system in real-
time with actual users. As ( ) described, this method looks into how
users work with a live system, and it tracks metrics such as session time and click-through
rates. The advantage of this approach is that it provides insights about real user behavior.
However, the downside is that it can be expensive and time-consuming. Whereas offline
evaluation relies on test collections, as mentioned earlier. It enables assessing IR systems
without the need for actual users ( , ). This setting makes this approach

highly reproducible and efficient.

2.3 Recommender Systems

Nowadays, we can observe the presence of recommender systems in almost every aspect of
our digital lives. These systems and their numerous and diverse algorithms shape many of
our daily decisions ( , ). As indicated by an overview from ( ),

several artificial intelligence (Al) approaches, including but not limited to “machine learn-



ing (ML), data mining, user modeling, and constraint satisfaction”, have been employed
within recommender systems research.
With the importance and prevalence of these systems in mind, the question of how to
properly evaluate the performance of systems becomes essential. Many studies have been
carried out in regards to categorizing the various experiment types one can choose for the
evaluation phase. As a result, we can define three different types of experiments: on-
line evaluation, user study, and offline evaluation ( , ;

, ). A combination of experiment types is required for a full understanding of
a recommendation system’s performance. In support of this claim,
( ) stated that although the first stage is to make use of offline evaluations, it is nec-
essary to progress to user studies and conclude with online assessment in order to ensure

comprehensive evaluation coverage.

2.3.1 Omnline Evaluation

Most online evaluations have happened as A/B tests in which a baseline system is com-
pared against the newly created system(s), as pointed out by ( ). The
primary aim of this kind of evaluation is that the recommendation system is added to a
tool that is already available and user-facing (i.e, a live website), and users keep working
with the system just like before ( : ). In this scenario, since users
have autonomy and access the system in the most intuitive and real way feasible, online
evaluation provides a realistic assessment ( , ). Moreover, this kind of

experiment is necessary when researchers are evaluating users interactions with the system

and can be applied to almost every recommender system research venue.



2.3.2 Offline Evaluation

Based on the findings from ( ), of the 117 recommendation system
articles published in 2018 and 2019 at AAATI and IJCAI, almost 92% relied solely on offline
experiments. Therefore, this type of experiment is believed to be the most widely used
method for evaluation. This evaluation technique utilizes previously collected datasets. In
these evaluations, by using the available historical data, the behavior of users is replicated
through simulations. The main difference to online evaluation is that no real users inter-
acting directly with the system during the experiments are available ( ,
). Unlike user studies and online evaluations, the focus here is to compare various
recommender system algorithms against each other in terms of accuracy and precision in
predicting user preferences ( , ). As indicated by
( ) and based on the characteristics described, offline evaluations are highly repeat-
able since each run can be customized with various configurations of setups, algorithm

parameters, and dataset portions.

( ) highlights that offline evaluation in recommender systems
has challenges compared to traditional machine learning, or IR. Unlike IR, where relevance
judgments can be made independently of users, recommender systems are dependent on
individual user preferences. Therefore, the ground truth for evaluating recommendations
is difficult to get at scale. However, it is important to note that our study directly tackles
this challenge by creating a test collection for offline evaluation of recommender systems.
Another interesting area the authors point out is that offline evaluation aims to predict
what happens during online performance, but the correlation between offline and online

results is often weak.

Despite its widespread use, offline evaluation is not without its issues.
( ) identified several common problems in offline evaluation preparation. These include

mismatches between dataset and task in which datasets are used for some tasks they’re

10



not suitable for, unnecessary preprocessing that can lead to less generalizable results, and

information leaking through time because of incorrect train-test splits.

2.4 Advancements in Offline Evaluation Methodology

As detailed in section 2.2, in IR, online evaluation refers to assessing a running system
based on real user behavior, while offline evaluation uses existing test collections without
the need for user interaction. However, in recommender systems research, these terms have

sometimes been used differently, potentially leading to confusion.

A notable study by ( ) attempted to contrast what they termed
“offline” and “online” evaluation methods for recommender systems. In their study, they
used the MovieLens dataset to train four different recommendation algorithms: Most-
popular, Matrix Factorization with 80 factors, Matrix Factorization with 400 factors, and
[tem-based nearest neighbor. For their online evaluation, they invited participants to rate
movies and then evaluate recommendations generated by these algorithms. They found
that the ranking of algorithms from offline measurements were not at par with the results
of online user study. Furthermore, they reported that the utility of recommendations,
defined as previously unknown items that users liked, produced a totally different ranking

of algorithms compared to both offline and online evaluations.

However, their approach is different from the traditional IR understanding of these
concepts. Their “offline” evaluation is a standard train-test split methodology, while their
“online” evaluation involved direct user feedback on recommendations—a process closer to
what we consider offline evaluation in IR. Our study builds upon and expands this earlier

work in several important areas, which are as follows:

e Data: We used the ML-32M dataset which was updated shortly before participant

recruitment, compared to the older and smaller ML-1M utilized in their study.

11



User profiles: Instead of asking participants to select movies they like, we considered
complete and real Movielens user profiles to have an authentic representation of user

preferences.

Evaluation Depth: Our study evaluated a much larger pool of recommendations
per participant (up to 600 and average depth of 60 for ranked recommendation lists)

compared to the maximum of 20 movies they recommended to each user.

Algorithm diversity: We included a wider and more diverse range of recommenda-
tion algorithms (11 categories and 22 unique algorithms) in our evaluation (compared

to 4 algorithms they had).

Feedback: While both studies asked similar questions about familiarity with recom-
mendations, we collected more detailed feedback that included ratings for watching

movies and a H-point scale for interest in watching.

Test Collection: Unlike the previous study, our work aims to produce a reusable

test collection for the research community.

Our process supports and extends the conclusions of ( ) and highlights

the significant differences between traditional split-based evaluation and methods that

consider actual user ratings and opinions.

2.5 MovieLens Datasets

The first version of the MovieLens dataset was released back in 1998 by the GroupLens

research group from the University of Minnesota. From then, multiple versions of this

dataset have been made available and have played an important role in recommendation

systems research ( , ). Their research group also maintains the
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MovieLens website!. The website has the same functionalities as IMDB, such as hosting
up-to-date information about released movie titles. Website users can also provide ratings
for movies in the form of stars (on a scale of 0.5 to 5). The MovieLens datasets are compiled

from user interactions on the website.

Modifications to the website’s appearance and features, such as half-star ratings and
improved search abilities, have had a big impact on the growth and development of the
MovieLens datasets. As reported, these datasets were downloaded more than 140,000
times in 2014 alone and were heavily referenced in academic work (approximately 2,075

registered citations as of this writing).

Furthermore, the datasets have made a wide range of studies and experiments possible,
which has advanced customization of recommender systems. They have been particularly
vital in exploring various algorithmic developments, such as collaborative filtering and

dimensionality reduction techniques ( : ).

2.5.1 MovieLens Versions and Use Cases

As previously mentioned, there are multiple versions of the MovieLens dataset, and each
one is targeted for a specific scale of research. All of them are available at GroupLens?.
The datasets are named after the number of interactions they have. For instance, ML-
100K contains 100,000 movie ratings (interactions) and is usually used in introductory
data science and ML courses due to its manageable size. On the other hand, released in
December 2019, and one of the latest in this series is ML-25M, which features 25 million
ratings for 62,000 movies by 162,000 users. The larger datasets are mainly considered for

new research.

'https://movielens.org
?https://grouplens.org/datasets/movielens/
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Chapter 3
Creating the Test Collection

Before recruiting participants for the user study, we needed to implement a data cleaning
process, a recommendation pipeline, and a custom website with detailed instructions. This

chapter describes the steps taken to create the test collection.

3.1 Dataset Preparation

For the base dataset, we utilized the most recent version of the MovieLens dataset available
on September 2023 ( , ), that was publicly accessible at https:
//files.grouplens.org/datasets/movielens/ml-32m. From now on referred to as ML-
32M in this thesis, this dataset is made up of 32,000,204 ratings and 84,432 movies from

capturing the interactions of 200,948 users with the movielens.org website.

Moreover, for use in some parts of model fine-tuning (later described in subsection
3.2.3) and user demographic analysis, we also utilized another version of the MovieLens
dataset called ML-1M. This dataset is made up of 1,000,209 ratings applied to a pool of

3,900 movie titles. There are 6,040 unique and anonymous users in this dataset.
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3.1.1 Dataset Extension with Movie Details

To provide participants with comprehensive information about each movie for when they
were going to provide judgments, additional data beyond the release date and title was
required. For this target, we utilized the TMDB API . The ML-32M dataset includes a
unique TMDB identifier, “tmdbld”, for each movie, which was used to get the additional
details. Also, any movie with an adult tag returned from the API was excluded from our

dataset. The following is a list of added fields that are included with every movie:

e Overview: A brief summary of the movie plot and events.

Image URL: The public URL for the movie poster.

Runtime: Total duration of the movie in minutes.

Cast: Names of the top five cast members.

Directors: Names of the directors.

Languages: Languages spoken inside the film.

3.1.2 Base Dataset Filtering

We first start by describing a filtering method in recommender systems. To perform N-
core filtering on a dataset simply involves retaining all the users or items that have at
least appeared in the dataset for ‘n’ times. This method is aimed at reducing dataset
sparsity. This in turn improves the training process and recommendation quality. Our
data preprocessing began with a two-stage filtering process. At first, we applied a 10-
core filtering to movies. In other words, we removed those movies that had less than 10

appearances.

https://developer.themoviedb.org/docs/getting-started
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Second, based on the extra information that we had available as a result of extending
dataset with movie details (subsection 3.1.1), any items tagged as TV shows or series were
excluded from the dataset. Afterwards, with the help of Abdul Manaam, we manually
checked the remaining movies that had an invalid or incorrect TMDB identifier based on
the data retrieved from the TMDB API. If any item belonged to a TV show or series, it
was removed. If it belonged to a valid movie, we found and replaced the correct TMDB
identifier for it. Lastly, we eliminated all user interactions with the movies that were

removed in the previous steps.

Following the movie filtering, we conducted a 20-core filtering on users to make sure
that each user had interacted with at least 20 movies. Lastly, another round of 10-core
filtering on movies was performed to discard any titles that, after user-based filtering,
appeared fewer than 10 times in the dataset. After these steps, the dataset had 31,696,218
ratings from 200,797 unique users applied to 31,271 distinctive movie titles. This was
the base version of the dataset used in this study. For each one of the three batches of
participants (described in Section 3.4), we also performed an extra round of filtering that

is fully explained in Subsection 3.4.2.

3.2 Recommendation Algorithms

After the process of pre-cleaning, extending, and filtering the base dataset, we continued to
prepare the recommendation algorithms. The effectiveness of a recommendation system is
highly dependent on its choice of algorithms. In this section, we present an overview of all
the recommendation algorithms used, along with the process of fine-tuning and obtaining

their best hyper-parameter values.
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3.2.1 Recommendation Frameworks

Two recommendation system frameworks were utilized in this study: LensKit and RecBole.
Before moving on to the algorithm interface, we first present a brief overview of these two
frameworks. LensKit is an open-source framework upgraded from its original Java-based

implementation introduced in 2010 to a Python package ( , ).

The second framework we used to widen the range of models and also include more
state-of-the-art methods was RecBole ( , ). We first start by providing a
detailed description of each one of the chosen algorithms alongside the final values for their

hyperparameters.

3.2.2 Algorithm interface

We employed a diverse set of recommendation algorithms that include simple baseline
methods, traditional and state-of-the-art collaborative filtering, and more advanced neural

network-based approaches. The algorithms used in our experiments are:

e (1) Bias-based algorithms:

— Global Bias - LensKit: An algorithm that aims to predict the ratings based
on the global average rating. It then adjusts this value for specific user and item

biases. Its aim is to follow the general tendencies in data.

— Popular - LensKit: It recommends the most popular items, based on their
number of ratings. There is no consideration of different user tastes in this

algorithm. There are also no parameter configurations for it.

e (2) Neighborhood-based methods:
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— Item-kNN - LensKit: Recommends items similar to those the user has liked
in the past. It uses cosine similarity to build an item-item matrix and uses it
to make predictions ( : ). There are two versions of

this algorithm that work with either implicit or explicit forms of feedback.

— User-kNN - LensKit: Groups users into similar sets according to their ob-
served rating history. The main task is then to identify said groups of users.
We refer to them as “neighbors”. Neighbors are the ones whose taste is similar
to the current user. Like Item-kNN, this algorithm has two versions that can

consume either implicit or explicit feedback.
e (3) Matrix Factorization Techniques:

— FunkSVD - LensKit: First introduced by ( ), FunkSVD uses stochas-

tic gradient descent to optimize user-feature and item-feature matrices.

— BiasedMF - LensKit: Introduced by ( ), this algorithm es-
sentially lowers the mean squared error (MSE) between observed ratings and

model predictions by alternately fixing one matrix and optimizing the other.

— ImplicitMF - LensKit: Similar to BiasedMF but used for implicit feedback
and developed by ( ).

e (4) Advanced collaborative filtering methods:

— ADMM SLIM - RecBole: It was introduced by ( ) and is an
advanced version of the Sparse Linear Method (SLIM) that uses the Alternating
Directions Method of Multipliers (ADMM) to efficiently handle large and sparse

datasets.

— BPR - RecBole: Bayesian Personalized Ranking (BPR) is a ML approach for

personalized ranking of unseen items ( , ). BPR optimizes a
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specific feature called BPR-Opt and was created to work with implicit feedback

as input.

— CDAE - RecBole: Collaborative Denoising Auto-Encoders (CDAE) utilize the
framework of Denoising Auto-Encoders to optimize the top-N recommendation
task and effectively predict user preferences. There is a unique feature in this
algorithm that allows the model to learn and recover user preferences more

robustly ( ) ).

— EASE - RecBole: Embarrassingly Shallow Autoencoders for Sparse Data
(EASE) by ( ) introduces a linear model that is specifically designed
for situations in which the data is sparse and in implicit feedback form. It func-
tions without any hidden layers and predicts item recommendations for users

directly by simulating input interactions as outputs.

— MultiVAE - RecBole: MultiVAE is a variational autoencoder and like EASE,
it is aimed to be used with implicit feedback data ( : ). It provides

a proxy for the top-N ranking loss by using a multinomial likelihood.

— NeuMF - RecBole: First introduced by ( ), NeuMF is an im-
plementation of the Neural Collaborative Filtering (NCF) method. In addition
to NCF, NeuMF combines matirix factorization with multi layer perceptrons to

increase the quality of recommendations.

3.2.3 Fine-Tuning RecBole Algorithms

The next step was to find the best set of parameters for each of the chosen algorithms.
This process is referred to as hyper-parameter tuning. Before going into the specifics of our
tuning process, it’s important to cover two common ways to hyper-parameter optimiza-

tion: grid search and sequential search. Grid search is a comprehensive search method
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that considers all possible combinations of chosen parameters and their values. Although
it evaluates the performance of all potential models, it can be expensive in terms of com-
putation. On the other hand, we have sequential search. It is a more efficient alternative
to grid search. This method considers the result of previous iterations to select the next
combination of parameter values. Therefore, it focuses on the most promising areas in the

parameter space and reduces the number of needed evaluations.

In our parameter tuning process, we had two approaches for algorithms from RecBole

versus those of LensKit. We start by describing the process for RecBole models.

ADMM SLIM
There are three main hyperparameters in the RecBole implementation of this model:

e )\, and )\, which represent the LL1 and L2 norm regularization parameters.

e «, which controls the power-law of the regularization terms.

To identify the optimal hyperparameters, we performed a sequential search on the ML-1M

dataset and best hyperparameter settings were found to be:

alpha: 1
lambdal: 5
lambda2: 1000

BPR

To find the optimized values for these two parameters, we turned to literature.
( ) performed a comprehensive grid search on the ML-1M dataset for a multitude of

algorithms. The optimal parameter values for the BPR model were selected as:
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embedding_size: 2048
learning_rate: 0.0001

CDAE

We utilized the parameter values found by ( ) for CDAE. The authors
performed a sequential search with an early stopping. Additionally, we made adjustments
to the default L1 and L2 regularization weights during the process. The final values were

as follows:

embedding_size: 64

learning_rate: 0.05
reg_weight_1: 0.01

reg_weight_2: 0

EASE

EASE only had one hyperparameter to be tuned which is the L2 regularization weight.
Similar to ADMM SLIM, the optimal value for this parameter was obtained through a
sequential search over the ML-1M dataset. The regularization weight that provided the
best result was found to be 500.

MultiVAE

There were a few configurable parameters for MultiVAE which are as follows:

e MLP hidden layer sizes: Sets the vector size of the different hidden layers inside

the neural network, with the array length as the layers count.
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e Dropout Probability: Helps reduce overfitting by randomly disabling neurons

during training.

¢ Anneal Cap: Limits the influence of the KL divergence in the early stages of training

and allows for more stable convergence ( : ).

The final values for the parameters were obtained using the sequential search process

over the ML-1M dataset:

mlp_hidden_size: [300]
dropout_prob: 0.3
anneal_cap: 0.1

learning_rate: 0.01

NeuMF

The same sequential search was performed for NeuMF and the final settings determined

for the model were as follows:

mlp_hidden_size: [256, 128, 256]
dropout_prob: 0.2
learning_rate: 0.0005

Epoch Choices

It is customary to train recommendation algorithms for multiple rounds and keep improving
the algorithm’s ability to capture user tastes by updating the model. The number of
training rounds is usually denoted by epochs. To set the number of training epochs for

each one of the considered algorithms, we utilized the evaluation module provided by
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the RecBole framework ( , ). For this task, we used the output of the
data filtering step (subsection 3.1.2) which was the cleaned version of M1-32M. We used a
random ordering and ratio-based splitting technique to divide the data. Random ordering
means users and their data are shuffled randomly to mitigate any ordering bias. This
setting meant allocating 90% of each user’s ratings to the training set and 10% to the
development (validation) set. The metric used to evaluate training effectiveness and for

early stopping of the process was the mean average precision at depth 1000 (MAP@1000),

which is defined as follows:

|[U| min(t,1000)

1
u=1 k=1

where ¢ is the number of relevant items for the user, |U| is the number of users, P(k) is
precision at depth k in the ranked list, and rel(k) is a custom binary function that outputs

0 if the item at rank k is considered non-relevant and 1 otherwise.

To improve the search process and make sure it was finished on time, three extra

configuration parameters were set for every algorithm:

e epochs: Specifies the maximum number of training epochs.

e cval_step: Determines how frequently to perform evaluation on the validation set. A

value of 3 means doing one evaluation after every three epochs.

e stopping_step: The number of consecutive evaluation steps without improvement

after which training process is stopped to prevent overfitting.

The values for these parameters are summarized in Table 3.1.

These settings were combined with the individual model parameters previously de-
scribed to find the best number of training epochs for each algorithm with MAP@1000 as

the deciding factor. Table 3.2 shows the final number of epochs for each model.
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Table 3.1: Epoch limit and evaluation step for each algorithm

Model epochs | eval_step | stopping_step
ADMM SLIM | 500 1 10

BPR 1000 10 5

CDAE 500 3 10

EASE 500 1 10

MultiVAE 500 3 10

NeuMF 500 3 10

Table 3.2: Optimal Number of Training Epochs for Each Algorithm

Model Optimal Epochs
BPR 659

NeuMF 137

CDAE 176

MultiVAE 227

EASE 1

ADMM SLIM | 1

3.2.4 Fine-Tuning LensKit Algorithms

We now describe the process followed for the algorithms from the LensKit framework.

Parameter Introduction

As for the LensKit algorithms, before delving deeper into the process of their fine-tuning, we
first provide a description of the parameters frequently used to customize this framework’s

models. Note that in LensKit, the terms “score” and “rating” are used interchangeably.

24



e nnbrs: The maximum count of neighbors to choose for rating prediction.

e min_nbrs: The minimum count of neighbors to choose for rating prediction.

e min_sim: Minimum similarity threshold to consider another user as a neighbor.

e feedback: How user feedback is interpreted, either as explicit or implicit.

e features: The number of features to be used in matrix factorization models.

e damping: The damping factor applied to the interaction matrix of users and items.
e iterations: The number of training epochs to run for each feature.

e Irate: The learning rate to control the speed of model parameter updates.

e reg: The regularization factor to avoid model overfitting.

Parameter Selection Process

Our parameter selection process for LensKit algorithms had several steps to reach optimal
performance. We began by utilizing the hyperparameter optimization function from the
LensKit auto tool ( , ) on the ML-1M dataset. This first step gave us
baseline values for each LensKit algorithm’s parameters. After that, we followed out these

steps:

Professor Smucker performed a demo run using an earlier version of the website and
the process described in section 3.4 in which he judged his own pool of recommendations
based on the outputs of LensKit algorithms with their parameters obtained from LensKit

auto tool.

We then did an extensive exploration of the parameter space using both Professor

Smucker’s judgments and a sample of 1,000 users from the filtered version of ML-32M
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(subsection 3.1.2). For the sampled users we used a 75 to 25 train/test split and evaluated
the quality of recommendations using nDCG at depth 1000 (nDCG@1000). For Profes-
sor Smucker’s recommendations, we considered both nDCG@1000 and compatibility with

persistence probabilities of 0.95 and 0.98.

Furthermore, for each algorithm, we considered the parameter settings suggested by

Michael Ekstrand that he personally communicated with us.

Next, we analyzed which parameter settings performed well for the 1,000 sampled
users with traditional evaluation techniques, and which settings worked well for Professor
Smucker’s profile using a setup similar to our planned test collection evaluation. These
two criteria were the baseline of our selection process for the different combinations of
parameter values for each algorithm. According to this process, we now present the final

configuration of parameters for each LensKit algorithm.

Bias

We set the damping factor of this algorithm to 5 as it was the only configurable parameter.

Item-kNN

Table 3.3 demonstrates the various instances of Item-kNN we made for this study, alongside

their final parameter values.

User-kNNs

As before, table 3.4 depicts instances of User-kNNs and their parameters considered.

26



Table 3.3: Item-based k-NN Instances

Instance Name | feedback | nnbrs | min nbrs | min_sim
[TEx_30.10_005 Explicit 30 10 0.05
[MTEx_30-2_001 Explicit 30 2 0.01
[TEx_30-30-005 Explicit 30 30 0.05
IMIm_1-1_0001 Implicit 1 1 0.001
[MIm_120_-15_0001 | Implicit 120 15 0.001
Table 3.4: User-based k-NN Instances

Instance Name | feedback | nnbrs | min _nbrs | min_sim
UUEx_120_2_001 Explicit 120 2 0.01
UUEx_120_30_001 | Explicit 120 30 0.01
UUEx_30-2.01 Explicit 30 2 0.1
UUEx_30_.30_01 Explicit 30 30 0.1
UUEx_60-20-0075 | Explicit 60 20 0.075
UUIm-30-2_001 Implicit 30 2 0.01

FunkSVD

Table 3.5 demonstrates the parameter settings for the only FunkSVD instance in this study.

BiasedMF & ImplicitMF
For the instance of BiasedMF, we set the number of features to 250 and also found that

the default number of iterations (20) was the best. Table 3.6 showcases these values.

Just like BiasedMF, we changed the number of latent features to 250 and kept the other

settings to their default, as shown in table 3.7.
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Table 3.5: Funk SVD Instance

Instance Name | damping | features | iterations | Irate | reg
FunkSVD 5 250 175 0.001 | 0.015
Table 3.6: BiasedMF Instance
Instance Name | damping | features | iterations | reg
BiasedMF 5 250 20 0.1

3.3 Participant Recruitment

After discussing the research goals with the GroupLens research group at the University
of Minnesota, they agreed to support our study by putting up the recruitment banner on
the movielens.org website. This banner was shown to every MovieLens user at the top of
the homepage from October 17, 2023, until December 6, 2023. Figure 3.1 shows the text

of this banner.

Banner Text shown on Movielens:

University of Waterloo researchers are looking for Movielens users to participate in a study that measures
recommendation system quality. Participants will get an Amazon e-gift card worth $15 US or $20 CAD per
hour (2-5 hours of time commitment). Click here for more information. [This study has been reviewed and
received clearance through a University of Waterloo Research Ethics Board)]

And by clicking on the link, users will be redirected to a webpage where they can read full details of

the study, fill out the screening questionnaire, and hit submit.

Figure 3.1: Recruitment text shown to Movielens visitors during the study

If Movielens users were interested, users could click on a link in the banner text that

would redirect them to our website. The page they were first shown, which we call the
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Table 3.7: ImplicitMF Instance

Instance Name | features | iterations | reg

ImplicitMF 250 20 0.1

“overview” page, included a detailed overview of our research, its goals, and the study

process.

After that, those individuals who were interested in participating were asked to sign
up for the study by providing their full name, email address, age, and their country of
residence. Based on our ethics application, we were only looking to recruit participants
from the USA or Canada. This is why we asked for information on residence. The overview
page also conveyed to visitors that providing their information was just an expression of
interest in the study and not an obligation to participate or an expression of consent. Over

the course of the study, we received 367 sign-ups from individuals all around the world.

3.4 Website Design and Study Pipeline

We present the details and step-by-step explanation of the process that participants went
through after expressing interest in the study until they were finished. We also present

screenshots of the user interface that was specifically created for this study.

It is important to note that our recruitment banner was displayed for an extended
period, and Movielens users started signing up from the first day until the very last. We
used a batch processing system to avoid delays for participants. This means that all
steps mentioned in this section were carried out for three separate batches of participants.
Therefore, we began the study with those who signed up earlier while still accommodating

those who signed up later.
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3.4.1 Screening Process and Data Obtaining

After each sign up, we analyzed two important pieces of information to determine whether
each individual is eligible to participate or not. First, we verified that they were aged
18 or older, and secondly, we checked if they were residents of the USA or Canada. We
informed those who did not meet the eligibility criteria that although we thank them
for their time and interest, we could not use their insights in our study. For all those
who passed the screening phase, we sent an email with the consent form that included
the full details of each stage of the study, as well as complementary information on data
security, remuneration, and the benefits of participation. It was also communicated to
our participants in the consent form that they should be able to read, comprehend, and
communicate in English. They were also required to have a laptop or desktop computer
with a stable internet connection, as the study website was not designed to be viewed by
mobile devices. Lastly, we requested that each participant return a signed copy of the

consent form.

After receiving the consent form, we sent another email explaining how to export their
ratings profile from the MovieLens website in comma-separated value (CSV) format. Par-
ticipants were asked to send back their exported ratings in the original format. Once we
received their profile, we thanked the participants for their contribution and communicated
with them that the recommendation generation will shortly begin and we will get back to

them with the next steps within a week.

3.4.2 Removing Potentially Existing Profiles

After that, with the filtered version of the ML-32M dataset from the output of our data
filtering state (3.1.2), we looked into whether any participants of the current batch were

already anonymously present in the dataset using the LensKit framework. This was a
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reasonable assumption to make considering that the MovieLens datasets are sourced from
actual user interactions on the MovieLens website. It was important to find and eliminate
these cases because users with similar profiles could be mistakenly recognized as highly

similar nearest neighbors by similarity-based algorithms.

To address this, we employed a User-kNN algorithm with parameters set to nnbrs = 10,
min_nbrs = 1, and min_sim = 0.1 to find the most similar existing dataset profiles for each
participant. The algorithm used cosine similarity as its similarity measure and compared

the rating vectors of users.

For each participant, we found the profile with the highest similarity and considered it
a candidate to be match for the participant. Our code was written to output all profile
matches with similarity greater than or equal to 0.9 or the sole profile with a maximum
similarity below 0.9. We did not find any participant to have multiple high similarity

matches, i.e. over 0.9 similarity with multiple profiles.

We manually reviewed profile matches from lowest similarity up through the matches in
the 0.90-0.93 range. The matched profiles with similarity of 0.85 or greater were clearly the
same person in all cases. In some cases we did consider profiles with lower scoring matches
to also be the same person, but these were rare. For all three batches of participants, 103

profiles were confirmed as belonging to our participants.

3.4.3 Dataset Extension with Participant Profiles

Next, we extended the resulting dataset with the rating profiles of the batch of participants.
The creation of the training dataset for the recommender system algorithms relied on this
data augmentation. This is because the algorithms needed to consume information on
our participants in order to come up with personalized recommendations. To make sure

the final dataset was consistent, we first dropped those movies present in the participant
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profile that were no longer available in the filtered dataset. During this process, there was
also a check to ensure each participant has a minimum number of 20 interactions. It was
important to have enough data points on each participant to be able to fully capture their
preferences throughout the recommendation stage. Fortunately, every profile satisfied the

requirement.

3.4.4 Explicit and Implicit Datasets

Then the first version of the final dataset was compiled. The dataset was named the
“explicit dataset” since it included all the ratings from Movielens users and our participants

in their original numerical form and scale, which is also known as explicit ratings.

We also needed to have an implicit dataset. According to ( ), in
implicit feedback systems, the presence of interaction, such as viewing, providing feedback,
or purchasing, between a user and a item indicates a preference. Therefore, in this situation,
the actual value of the ratings was less important. We began creating this version of the
dataset following the approach used by ( ) in the EASE paper. This involved
doing a filtering over the explicit dataset to only keep those interactions where ratings were
four or greater. This process effectively binarizes the data. Next, to make sure all users
have at least five or more data points, we applied a 5-core filtering to users. We named this
dataset the “implicit dataset”. Another version of this dataset, named “atomic” dataset,
was created to be used in the Recbole framework. The only difference between the two
implicit versions were their header names. Again, it’s important to note that the “explicit”,
“implicit”, and “atomic” datasets were created specifically for each batch of participants.

Table 3.8 shows which one of these three versions of the final dataset each algorithm used.
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Table 3.8: Used Dataset Versions By Each Algorithm

Dataset Version | Algorithms

Explicit Popular, Bias, BiasedMF,  FunkSVD, IIEx_30.10_005,
[TEx_30-2_001, [TEx_30-30-005, UUEx_120-2_001,
UUEx_120_30_001, UUEx_30-2.01, UUEx_30_30_01,
UUEx_60-20_0075

Implicit [ITm_1_1.0001, ITIm_120-15_0001, UUIm_30_2_001, ImplicitMF

Atomic ADMM SLIM, BPR, CDAE, EASE, MultiVAE, NeuMF

3.4.5 Recommendation Generation

With the three types of datasets ( “explicit”, “implicit”, and “atomic”) at hand, during each
batch of the study and from each algorithm, up to 11,000 recommendations were generated
for each participant. Afterwards, we filtered out any recommended items already existing
in the participants’ profiles. The results were then transformed so that only the top 1,000

recommendations are left for each participant from each model.

We then proceeded to perform a process named “pooling”. With 16 algorithms from
Lenskit and 6 algorithms from RecBole, each having up to 1,000 recommendations for any
single participant, it would have been nearly impossible for our participants to go through
all their recommended items and provide quality judgement for each of them. Therefore, it
was necessary to create a set for each one of the two stages of the study with a reasonable

number of items. Here is a full description of the pooling algorithm:

1. Perform all actions below for each participant in the same order presented

2. Consistency items: Take two samples from their existing rating profile:

33



(a) pl_consistency_movields: A random sample of 10 rated movies.

(b) p2_consistency_-movields: A random sample of 50 rated movies with a different

seed compared to the previous set.

3. Create two empty Python sets and name them phaseone_unique_movields and

total_unique_movields respectively.
4. Phase 1 items:

e Loop over each recommendation algorithm’s 1,000 items
(a) Start from the top-ranked item (depth 1) and add the first 10 items from
each algorithm’s recommendation list to both sets.
(b) If the total number of items in phaseone_unique_movields is less than 135:

i. Continue adding items from deeper in the recommendation lists until

the set contains 135 unique items. Also, save the depth value.

(¢) Merge pl_consistency_movields into phaseone_unique_movields and final-

ize the items to be recommended during the first study phase.
5. Phase 2 items:
e Starting at the last depth value from the previous step, loop over each algo-
rithm’s output:

(a) While the number of unique items in total unique_movields is less than
600 and depth has not reached 50, increment the depth value by one and
add the item from that depth to total_unique_mouvields.

e Merge p2_consistency_mouvields into total_unique_movields.

e Compare the two sets and remove any items from total_unique_movields that
is also present in phaseone_unique_movields to have the final set of items for

the second phase of the study.
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We then uploaded each participants two recommendation sets to our website.

3.4.6 Tutorial and Knowledge Check

As we made our research system ready for the participants to judge movies. We sent
them an email with their login credentials and website URL. Upon logging into the system
for the first time, each individual was shown a page with a few demographic questions
for us to better understand the background of our participants. The questions asked
about their gender, race or ethnic background, and highest level of obtained education.
After submitting their answers, they were directed to a concise tutorial that guided them
through the tasks involved in the study (Appendix A). At the end of the tutorial, there
was a brief quiz made up of 12 questions to make sure that they were well-prepared to
proceed (Appendix B). Once they successfully completed the tutorial and quiz, they were
redirected to the study homepage to start the tasks. The homepage provided an overview

of the study steps and options to begin the main tasks.

3.4.7 Phase one

The first phase of the study was designed to take up to 2 hours for each participant. The
judgment task was the core part of this phase, and it involved reviewing a set of movies

(approximately 150 movies). For each movie, we asked them three questions:

e How familiar are you with this movie? - Possible answers were: Never heard
of it, Familiar with the movie, Very familiar, Have seen the movie and here is my

rating (0.5 to 5 stars)

e How interested are you in watching this movie via a streaming service? -
Possible answers were: Not interested, Somewhat interested, Interested, Very inter-

ested, Extremely interested
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e For unseen movies only: if you were to watch this movie, what would you

predict your rating of it to be? - Possible answers were 0.5 to 5 stars

Figure 3.2 shows a sample from the website interface for the three questions asked for

each recommendation.

IRMrec

Aloha

A celebrated military contractor returns to the site of his greatest career triumphs and re-connects with
a long-ago love while unexpectedly falling for the hard-charging Air Force watchdog assigned to him.

Release Year: 2015 Runtime(min): 105

Cast: Bradley Cooper, Emma Stone, Rachel McAdams, Bill Murray, John Krasinski
Director(s): Cameron Crowe

Genres: Drama, Comedy, Romance

Languages: English, Pyccknii

How familiar are you with this movie? | Choose an option V‘

How interested are you in watching this movie via a streaming service? | Choose an option V‘

For unseen movies only: If you were to watch this movie, what would you predict your rating of it to be? | Choose an option v

Figure 3.2: Sample Movie Judgement Page from Study Interface

Following these judgments, participants were presented with the movies they chose as
having most interest in watching (second question). We named this the ranking task. To
select which movies to show to each participant, we started from the list of movies they
chose has being “Extremely interested” in watching. If the length of this list was three or
more, we showed all such movies. If the count was less, we moved also added the all the
movies in the next interest level, which was “Very interested”. This process was continued

until the cumulative list contained at least three unique movies.

The ranking task was aimed at finding each participant’s top three items out of these

movies in an ordered list. In other words, we asked each participant the following question:
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“If you were to pick three movies out of this list, which three would you pick and in what
order would you watch them”? We call this ranked list the watch queue. Figure 3.3

demonstrates a sample screenshot of the ranking page from the study interface.

Choose Your Top Picks Watch Queue
Title Year Place in Top Three

Rank 1
Jumanji 1995

Rank 2

Rank 3
caine
Get Shorty 1995
Leaving Las Vegas 1995

Figure 3.3: Sample Movie Ranking Page from Study Interface

For the last part of the first phase, participants were asked to fill out a post-study

questionnaire to gather feedback on their overall experience.

3.4.8 Consistency Check

Once each participant completed phase one, they were asked to send us an email and let us
know. We also asked them to mention whether or not they are willing to take part in the
second phase of the study. As discussed in subsection 3.4.5, for both phases of the study, we

included a small set of previously rated movies in the judgment pool for each participant.
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This action had two purposes. First, it provided a way to identify participants who were
inconsistent in their judgments throughout the study. Second, it offered an additional data

point for analysis.

For measurement, Mean Absolute Error (MAE) was utilized. It calculates the average
observed error regardless of the value being positive or negative. The error was the differ-
ence between a participant rating for a movie during the user study and the rating value

for the same movie in their profile. The formula for MAE is:
SR SR
== Ty — T
N

in which r; shows the existing rating from profile, 7; depicts rating captured during the
user study, and n is the number of consistency items. We followed below rules to assess

eligibility for phase two:

e MAE < 1.0: Participants who had an MAE of 1.0 or lower were automatically
eligible to proceed to phase 2 of the study.

¢ MAE > 1.0 and < 2.0: Participants with an MAE greater than 1.0 but less than

or equal to 2.0 had their results manually reviewed by us to make a decision.

e MAE > 2.0: Participants with MAE greater than 2.0 were automatically rejected

from moving to phase 2 of the study since their rating discrepancy was too high.

For all three batches of participants combined, the results of our consistency check
performed after the first phase showed a high level of consistency among our participants.
The distribution of observed MAE values had an average of 0.35, a median value of 0.3,

and a maximum of 0.9.

38



3.4.9 Phase Two

The second phase was the same as the first one, except that there were approximately
500-700 movies to be judged for each participant. We estimated that it would take ap-
proximately 5 hours on average for them to complete this phase. Upon providing judgments
for all recommended items, participants were encountered with the ranking page. The dif-
ference here was that we showed them all movies they highlighted as having the most
interest in watching on this page, regardless of the item belonging to the first or second

phase. The last part of the second phase included a post-study questionnaire like before.

3.5 Test Collection Data Cleaning

After the close of data collection, we deleted certain participants’ data. First, we removed
all participants that did not fully complete either phase 1 or phase 2 of the study. This
thesis only examines participants that successfully completed phase 2. Secondly, we mis-
takenly allowed people with whom I had a personal relationship to participate in the study.
We reported this ethics protocol deviation to the university’s Office of Research Ethics and
received approval to remedy the issue by removing the participants’ data from our study.
To eliminate these participants, and others that may have learned of the study and then
joined MovieLens and our study to opportunistically receive remuneration, we decided that
we would exclude participants for which we did not find a pre-existing profile in the ML-
32M dataset with a cosine similarity greater than 0.85. As such, we only use participants
that we believe were already members of MovieLens prior to the study being announced.
The ML-32M dataset was created on October 12, 2023, and our banner announcing the

study was posted to the movielens.org site no earlier than Oct 16, 2023.
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3.5.1 Study Funnel

We then report on the number of participants at each step. To provide a clear overview of

the participant flow through our study, we present the stages of the study process and the

number of participants at each stage. These stages show the progress from recruitment to

study completion:

10.

11.

12.

MovieLens users saw our banner on MovieLens.org.

By clicking on the banner, they were redirected to our website.

. Users could sign up to the study (360 did).

Screening was conducted to select eligible participants (271 passed).

Consent forms were sent to those who passed screening, and 130 gave consent.

. From those who gave consent, we asked them to extract and send their Movielens

ratings profiles (113 provided profiles).

After producing recommendations, login details were sent to those who sent profiles.

. The first page participants encountered was the demographics page (107 submitted

their information).

. Participants then completed the knowledge check (quiz) section (103 passed).

Afterwards, it was the movie judgments of the first phase (97 successfully completed).
Of those who completed phase one, 77 expressed interest in continuing to phase two.

Next, 57 participants completed the tasks in the second phase and finished the study.
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13. Out of the 57 participants, 6 profiles were removed because we did not find a matching

profile for them in ML-32M, and we were left with 51 profiles.

Figure 3.4 is a funnel plot that shows the progression of participants through the study.

Study Participant Funnel
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Figure 3.4: Funnel Plot of Study Stages

With the data gathered from our participants during the user study, we continued by

performing the data cleaning stage.
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3.5.2 Data Preparation

For the first part of analysis (user nature), two different sets of data were prepared to be
compared against each other. The first one belonged to the participants of our study. It

was decided to only keep those profiles who satisfied two conditions, which were as follows:

e The participants who successfully completed both phases of the user study.

e Participants who had a match probability greater than 85% with their most similar

profile in the existing Movielens dataset, as described in subsection 3.1.2.

By considering these filters, we were left with 51 participant profiles. From now on, we
designate this subset of participants as selected participants (SP). Their judgments from
the user study were already available. To gain a better understanding of their differences
from the average MovieLens users, we also extracted their historical ratings from the ML-
32M dataset. This historical ratings dataset was obtained by filtering ML-32M to only keep

those profiles who met the matching threshold with one of our 51 selected participants.

As for the second set of analysis data, and with the goal of having a baseline and
representation of the average MovieLens user, we gathered a sample of 10,000 user profiles
from the ML-32M dataset alongside their ratings. These profiles were carefully selected so
that they did not have any overlap with the other profiles previously identified as possibly
belonging to our user study participants. The criteria for selecting these baseline profiles

were as follows:

e First, selected those profiles who, after applying the filtering step mentioned in sub-

section 3.1.2 still had more than 20 implicit ratings.

e From all of these eligible users, we randomly selected 10,000 profiles to create the

baseline dataset to represent the average MovieLens user.
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Chapter 4

Participant Judgment Analysis

4.1 Participant Demographics

This section provides a brief overview of the demographics of our participants. There are
four distinct categories to report such as age distribution, gender, ethnicity, and highest
level of education. Furthermore, as the ML-1M dataset is the only MovieLens dataset
that has demographic information including gender, age, occupation, and zip code, we also

report comparisons and analyses for their age and gender.

4.1.1 Age Statistics

We begin by discussing the statistics of participant’s age and their differences with ML-1M
users. Table 4.1 shows the count, mean, standard deviation, and other relevant metrics for

SP and ML-1M.

To complement these, figure 4.1 illustrates the age distribution of participants in this

study. Please note that per our ethics application, we only recruited adults, and therefore,
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Table 4.1: Age Statistics for Selected Participants and ML-1M

Metric SP | ML-1M
Count 51 6040
Mean Age (Years) 36.86 | 30.64
Standard Deviation (std) | 12.34 |  12.90
Min 18.00 1.00
25% Percentile 28.50 | 25.00
Median (50% Percentile) | 35.00 | 25.00
75% Percentile 43.50 35.00
Max 72.00 56.00

there are no minors in our sample. As shown, the majority of participants were in their

late 20s to early 40s.

4.1.2 Gender Statistics

We continue by giving a summary of the gender distribution for SP and ML-1M. Table 4.2

demonstrates the frequency percentage of each gender category in both groups.

Table 4.2: Gender Statistics for Selected Participants and ML-1M

Gender Proportion (SP) | Proportion (ML-1M)
Man 80.4 717

Woman 15.7 28.3
Non-binary 3.9 -

Declined to state - -

The majority of participants (approximately 80% of SP) identified as men. On the
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Frequency

Age Distribution

Figure 4.1: Distribution of Participant Age
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other hand, women represented about 16% of SP. About 3% of participants was made up
of non-binary participants and lastly. As for the ML-1M, it consisted of more users who

identified as women (more than 28%) compared to SP.

4.1.3 Ethnicity Statistics

We report on the distribution of ethnicity of our participants, which they self-reported.
To provide context, we also include comparable data from Canada and the United States.

Table 4.3 shows the proportion of each category of ethnicity.

Table 4.3: Ethnicity Statistics for Selected Participants

Ethnicity Proportion (SP)
European 86.3%
African -
Southeast Asian 2%
South Asian 2%
Latin American 4%
Arab/Persian -
Native American 2%
Declined to state -
East Asian 2%
Metis/Mixed Ethnicity 2%

The largest subset belongs to participants with European descent (86% in the SP).
Those with African descent were not part of the SP. There were also smaller groups of par-
ticipants who identified as Southeast Asian, South Asian, Latin American, Arab/Persian,

Native American, East Asian, and Metis/Mixed ethnicity.
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Our pool of participants is less diverse compared to the general populations of the
United States and Canada. According to the 2020 U.S. Census ( :
), those identifying as White alone constituted 61.6% of the population. Similarly, the
2021 Canadian Census ( , ) reported that 69.8% of the population
identified as White. It’s important to note that the ethnic background information for the
MovieLens users (ML-32M) is not available. This makes it challenging to know whether

our participant pool is an accurate reflection of the typical MovieLens user demographic.

4.1.4 Education Statistics

We conclude this section by providing a summary of educational background of our par-

ticipants. Table 4.4 presents the proportion of participants in each educational category.

Table 4.4: Education Statistics for Selected Participants

Education Level | Proportion (SP)
High School 10%
Some College 25.5%
Bachelor’s 35.3%
Master’s 19.6%
Postgraduate 3.9%
Doctorate 5.9%

The results show that the majority of participants hold a Bachelor’s degree. After that,
the next most common educational levels are Master’s degrees and some college experience.
There is a relatively smaller pool of participants with high school education, postgraduate

degrees, and doctorates.

Compared to 2022 U.S. Census data ( , ) and 2021 Canadian
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Census ( , ), our participant pool has a higher level of educational
attainment compared to the general populations of the United States and Canada. The
proportion of people with a Bachelor’s degree or higher was around 33% in Canada and
37% in the U.S., whereas in our study, this proportion ranges from 63.7% to 64.7% when
combining Bachelor’s, Master’s, Postgraduate, and Doctorate categories. Therefore, our
participants were significantly more likely to hold bachelor’s degrees and advanced degrees

compared to the general population.

4.2 Nature of Movielens Users & Participants

The next group of analyses is based on the two datasets from section 3.5.2. The first dataset
consists of the historical ratings of selected participants. This means that we compiled all
previous ratings of our selected participants from the ML-32M dataset. The second dataset
belongs to the ratings from the sample of 10,000 users of the ML-32M dataset, which is
aimed to represent the average Movielens user. In this section, our focus is to compare

various characteristics of these two groups and uncover their intrinsic differences.

4.2.1 Number of Ratings Per User

The first part of comparing the nature of users for the two datasets is to compare the
number of ratings provided by users and identify any differences between these two groups.

With this goal in mind, table 4.5 showcases the statistics.

It can be observed from the data that our selected participants tend to have significantly
more ratings than the average MovieLens user. Figure 4.2 demonstrates the distribution
of ratings for both groups. To sum up, the findings suggest that our selected participants

are generally much more engaged with the Movielens website compared to a typical user.

48



Number of Ratings per User - MovielLens Users

T
I Movielens Users

0.20

e

(=]

w
|

e

(=]

(=]
|

Frequency (%)

0.05 ~

0.00 -
0 1000 2000 3000 4000 5000

Number of Ratings per User - Participants

|
B Selected Participants

0.20

e

(=]

w
|

e

(=]

(=]
|

Frequency (%)

0.05 A

000 ] ]

0 1000 2000 3000 4000 5000
MNumber of Ratings

Figure 4.2: Distribution of Number of Ratings per Person -

Movielens Users (top) and Selected Participants (bottom)

49



Table 4.5: Number of Ratings Per User for MovieLens Users and Selected Participants

Metric MovieLens Users (10K) | Selected Participants (SP)
Count 10,000 51

Mean 190.9 1425.1

Standard Deviation (std) 276.1 1567

Min 20 28

25% Percentile 55 561.5

Median (50% Percentile) 102 849

75% Percentile 211 1552

Max 5017 8496

4.2.2 Distribution of Rating Values

Next, we looked into analyzing the distribution of rating values for both datasets that were
elaborated at the top of this section (4.2), meaning that for selected participants, we used
their rating profiles as provided to us. Table 4.6 shows the percentage values of ratings for

each group.

For this part, macro averaging was utilized instead of micro averaging. In this approach,
the distribution of rating values is calculated for each participant and then, the average of
all these distributions is considered for the output. One of the advantages of this method
is that it helps reduce the skewing effect of participants who have very high or low number
of ratings. This way, the results are compiled in a way to account for the variations in
rating behavior between different users. The results of average rating distribution per user
for both groups are shown in figure 4.3. There are a few key differences between Movielens

users and selected participants in terms of their distribution of rating values:

1. Low Rating Values: Our participants have a higher historical frequency of very
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Table 4.6: Distribution of Rating Values for MovieLens Users and Selected Participants

Rating Value | MovieLens Users (%) | Selected Participants (%)
0.5 1.6% 4.8%
1.0 2.7% 3.9%
1.5 1.6% 4%
2.0 6% 8.6%
2.5 5.2% 9.6%
3.0 18.5% 17.8%
3.5 13.7% 16.7%
4.0 26.7% 18.3%
4.5 9.5% 7.4%
5.0 14.4% 8.7%

low ratings, such as 0.5, 1.0, 1.5 in comparison to MovieLens users.

2. Middle and High Ratings: Both groups show a high number of middle to high
ratings (3.0, 3.5, 4.0). However, the trend for selected participants is more consistent,

whereas MovieLens users have a peak at 4.0.

3. Perfect Ratings: In general, Movielens users are more likely to give perfect scores to
movies compared to selected participants, as the average frequency of 5.0 for the Movielens

users is more than double of that for participants.

4. Use of Half Ratings: It is evident that participants tend to make more careful
use of the half ratings (3.5, 2.5, etc.). On the other hand, Movielens users are more likely
to have integer value ratings. However, there’s a possibility that some MovieLens users in

our dataset come from a period when the platform only allowed integer ratings.
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4.2.3 Distribution of Average Ratings

Furthermore, we investigated the distribution of average rating per user for each one of the
two groups described in the beginning of Section 4.2. Figure 4.4 shows the results for the
both Movielens users and selected participants. The two distributions of this part reinforce
the previous finding that participants are generally more inclined towards providing lower

ratings.

4.2.4 Last Year of Movie Rated

For the next piece of analysis, we made a distribution for the last year of movie rated of
both groups (4.2). For each person, this is the largest value of the release year of any movie
in their rating profile. Figure 4.5 shows the results for the Movielens users. There are two
peaks for the last 1990s and mid 2015. As for the participants, 2020 was the earliest date
with last seen values of participant rating. In other words, all the participants provided a
rating in 2020 or after. As presented by table 4.7, more than 85% of selected participants

were active in 2023.

Table 4.7: Distribution and Count of Last Year of Movie Rated for Selected Participants

Year | Count | Percentage
2020 1 2%
2022 6 11.8%
2023 44 86.3%
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4.2.5 Year Distribution of Rated Movies

Second, we analyzed the distribution of the release years of movies rated by the selected
participants and the MovieLens users. We followed the macro-averaging method like before,
meaning that we calculated the average year for each individual, and then took the average

of these averages. Table 4.8 summarizes the average and median year of the rated movies.

Table 4.8: Year Statistics of Rated Movies for MovieLens Users and Selected Participants

Metric MovieLens Users (10K) | Selected Participants (SP)
Average Year 1995.7 2000.9
Median Year 1995.1 2002

Furthermore, figure 4.6 illustrates the distribution of the average movie years for both

groups.

It can be seen from the data that the median year of rated movies for Movielens users

is 1995, while for the selected participants, it is 2002.

4.2.6 User Lifespan

For the last part of this section, we analyzed the difference between the lifespans of the two
datasets mentioned at the start of section 4.2. We define the lifespan as the time between
a user’s first rating and their last rating. The rating profiles of both sample Movielens
users and selected participants were available from Chapter 3. This means that for our
participants, we estimate their lifespans based on their matching profile we found in the

ML-32M dataset. Table 4.9 presents the summary statistics for both distributions.

Figure 4.7 shows the distribution of lifespans for both the Movielens sample users and

the study participants. The results show a significant difference in engagement between
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Table 4.9: Summary of User Lifespan

Metric Selected Participants | Movielens Users
Count 51 10,000
Mean 7.8 years 10.5 months
Standard Deviation 7.2 years 2.5 years
Minimum 20 days 0

25th Percentile 2.2 years 27.7 minutes
Median 5.2 years 15.8 hours
75th Percentile 11.9 years 17.7 weeks
Maximum 23.8 years 26 years

the participants and the general Movielens user base. Firstly, participants have a much
longer average lifespan (about 7.8 years on average) compared to the general Movielens
user base of which 75% are only around less than 5 months. Second, median values show
half of the Movielens user base don’t use the system after their first day. These findings
demonstrate that our selected participants form a very engaged subset of Movielens users

who have a prolonged and sustainable level of engagement with Movielens.

4.2.7 Implications

The comparison between our study participants and random MovieLens users shows impor-
tant implications for recommender system evaluation. Our findings reveal that these two
groups are different, and these differences need to be taken into account when evaluating
a system. Our participants appear to mostly represent movie enthusiasts. This distinc-
tion is evident in several aspects. For instance, the median number of ratings for random

users was 102, whereas the median for participants was 849. Furthermore, we showed that

o8



MovieLens Users Lifespan Distribution

80

70

60 +

50 ~

40 -

Percentage (%)

30 A

20

10 ~

5 10 15 20 25

Participant Lifespan Distribution

Percentage (%)
Y w
L 1

w
L

i

5 10 15 20 25
Lifespan (Years)

Figure 4.7: Distribution of Lifespans -
Movielens Users (top) and Selected Participants (bottom)

29




participants had a much longer lifespan (median of around 1,900 days vs. only 1 day for
random users). Also, participants made more use of half-star ratings and were less inclined
towards giving perfect ratings. Therefore, we suspect that our participants are a better

representation of regular, engaged Movielens users.

Our test collection is likely representative of active MovieLens users, while traditional
test/train methods would also represent the large number of users who enter the system,
get recommendations, and never return. This needs to be considered when evaluating a
recommender system. Our test collection may not be helpful if it is important to evaluate

the recommendation ability to those who may not become regular users.

Furthermore, another important factor to consider is time. Our test collection repre-
sents current users, while a majority of the MovieLens ratings is from users who haven'’t
been active for many years. This raises questions about the relevance of evaluating recom-
mendation performance for users who were last active years ago. For instance, measuring
the ability to recommend movies to someone last seen in 2001 may not be meaningful for

current model performance.

4.3 Consistency Checks

Furthermore, we looked into the rating behavior of our participants and, more importantly,
how consistent they were when providing ratings for the items that were part of their rating
profiles. Two sets of analyses—test-retest reliability and proportion of consistency movies
tagged as seen before by participants—were performed with respect to this section, which
are referred to as consistency checks. These checks are essential for better understanding

the reliability of user study judgments.
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4.3.1 Test-Retest Reliability

As detailed by ( ), test-retest reliability is a measure to find out how
consistent participants are in their behavior, which is translated to rating, over multiple
sessions. This consistency is studied by using the Pearson correlation coefficient. For this
study, we defined the two different sessions as the ratings given during the study and
the historical ratings of the same users from the MovieLens dataset. The macro-averaged
correlation coefficient was 0.81. This indicates a high consistency in participant ratings over
the two sessions. Table 4.10 presents the detailed statistics of the correlation coefficients

across participants.

Table 4.10: Test-Retest Reliability Statistics

Metric Value
Mean 0.808
Standard Deviation 0.143
Minimum 0.446
25th Percentile 0.716
Median (50th Percentile) | 0.839
75th Percentile 0.919
Maximum 1.000

The minimum correlation of 0.446 suggests that even the least consistent participant
showed a moderate level of reliability. The highest correlation of 1 shows perfect consistency
for at least one of the participants. ( ) also reported that their overall
test-retest reliability was 0.924, which they considered high as any value over 0.9 is usually
considered “good” in classical test theory. Our average correlation was 0.808. Although

showing a strong consistency, it was lower than their overall reliability. However, it is
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important to note that their study has a different design to ours as they had three trials

over time and calculated both reliability and stability.

Our results show that most participants maintained considerable consistency in their
ratings. Some showed very high consistency (correlations above 0.9) and others had lower

(but still positive) consistency.

4.3.2 Rate of Past Views for Consistency Items

This part examines how often participants identified the consistency items as movies they
had previously seen. After performing a macro-averaging among participants, we found
that the mean proportion of consistency items tagged as seen was 0.88. Table 4.11 presents

the detailed statistics of this relationship across participants.

It’s important to note that a rating on MovieLens doesn’t necessarily mean a user has
previously watched the movie. Some users may rate movies based on trailers, reviews, or
other factors without having seen the film. The high correspondence value of 0.88 suggests

that in most cases, ratings do align with viewing history, but it’s not a perfect indicator.

The distribution of values shows variation among participants. The median rate of 0.94
indicates that half of the participants reported having seen at least 94% of their consistency
check movies. However, rates ranged from a minimum of 0.34 to a maximum of 1.00. The
variations could be the result of a few factors such as the amount of time since they first
provided the original rating (which leads to forgetting), confusing similar movie titles with
each other, and the fact that our assumption is not accurate and participants have rated

movies on MovieLens that they hadn’t actually watched.
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Table 4.11: Statistics of Consistency Item Past Views

Metric Value
Number of Participants o1

Mean Recognition Rate 0.878
Standard Deviation 0.160
Minimum 0.340
25th Percentile 0.860
Median (50th Percentile) | 0.940
75th Percentile 0.980
Maximum 1.000

4.4 Participant Feedback Analysis

Another piece of analysis carried out was to take a closer look at the feedback of our
participants and categorize them into common themes. This will greatly help future related
research to improve upon this study and also find interesting research questions to look
into. Based on all gathered feedback, which is available in appendix B, here is a summary

of topics that were frequently observed:

¢ Enjoyment and Positive Experience: Six participants expressed their “satisfac-
tion” or found the study “interesting”. Furthermore, three participants found the

process helpful for finding out about new movies to watch.

e User Interface Issues: Three participants had issues with the “submit button
becoming invisible”, which turned out to be caused by their high browser zoom level.
Also, some suggested adding a “progress bar” to the list of rated items page. Lastly,
there were two requests for a back button or the ability to edit a judgment right after

submitting it.
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e Content-Related Feedback: Five participants said that recommendations in-
cluded “non-traditional movies” like short films, TV shows, and comedies, which
they found confusing. Three suggested the ability to exclude certain categories or

genres from the recommendations.

¢ Rating System and Movie Judgments: Three participants found it difficult or
“non-intuitive” to rate unseen movies solely based on provided information. As a
workaround, some suggested including more information or trailers to help in judg-

ment.

¢ Language and Cultural Aspects: Two participants mentioned issues with foreign
language films. For instance, participant mentioned that they normally “disqualify

foreign movies from their watch list”.

e General Suggestions for Improvement: Three participants offered specific sug-
gestions for improving the study or interface such as: including “movie synopses”
in the final ranking list to help remember the movies, avoiding “duplicate movies
from the same series or remakes”, providing context on how participants “capture
and consume media”. Specifically, a participant suggested this information influences

their ranking of movies to watch next.

e Interest in Data and Results: A few participants expressed interest in seeing the

results or insights from the study.

4.5 Pooling Depth & Number of Judgements

An important part of our process was the pooling, which set the number of recommenda-

tions each participant would judge. This section provides an overview of the number of
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judgments made by participants and the depth of pooling needed to generate these recom-
mendations. We considered the SP dataset for this section and started by analyzing the

number of movie judgments provided. The statistics are as shown in table 4.12.

Table 4.12: Statistics of Number of Judgements and Pooling Depths

Metric Number of Judgements | pl depth | p2 depth
Number of Participants 51 o1 o1
Mean 670.4 11.9 63.2
Standard Deviation 24.2 2.1 12.5
Minimum 634 10 20
25th Percentile 661.5 10 23
Median (50th Percentile) 664 11 60
75th Percentile 665.5 13 71
Maximum 775 19 94

It is seen that most participants judged between 661 and 666 movies and the median was
664. The relatively small standard deviation (24.20) suggests consistency in the number

of judgments for participants.

In addition to the number of judgments, we also analyzed the pooling depths for both
the first phase (pl) and the second (p2). The pl depths had a mean of 11.9 with a standard
deviation of 2.1, while the p2 depths had a mean of 63.2 with a standard deviation of 12.5.
For pl, most depths fell between 10 and 13, with a median of 11. For p2, the range was
much wider, with most depths falling between 53 and 71, and a median of 60.
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4.6 Data & Participant Insights

In this section, we are delving deeper into the many interesting insights that can be inferred
from the judgments of our participants throughout the user study. For all the analyses
in this section, we are using the SP dataset as detailed in section 3.5.2, which consists of
the data of 51 participants. Before proceeding with our analysis, it’s essential to introduce
a part of the data collected. After excluding the consistency check movies from the SP
dataset, the majority of movies (88.8%) were reported as unseen by our participants and
only 11.2% were reported as seen. This distribution of seen versus unseen movies provides
important context for our subsequent analyses. By examining aspects such as the desire
to watch for multiple categories, the effect of perceived ratings, and the role of familiarity,

we aim to provide a better understanding of participant behavior and preferences.

4.6.1 Interest for Unseen Movies

Our first research question explores the relationship between participants’ interest levels
and their predicted ratings for movies they have not seen before and are not part of the
consistency check. To analyze this, we first calculated the number of occurrences for each
pair of rating and interest level. Then, we normalized these numbers by dividing them
by their total count for each predicted rating value. In other words, we performed micro-
analysis of the data so that each movie rating contributes equally to the final outcome.

The results of this analysis are demonstrated in table 4.13.

Several points of interest can be observed from the results. As predicted ratings increase,
we can see a change in the distribution of interest levels. For predicted ratings of 0.5 to
2.0, the dominant interest level is “Not interested” and it accounts for over 80% (marginal)
of responses. As rating values increase, this dominance fades away. For mid-range pre-

dicted ratings (2.5 to 3.5 stars), we observe a more diverse distribution of interest levels.
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Table 4.13: Interest Levels vs. Predicted Rating for Unseen Movies (%)

Rating Not Somewhat Very Extremely
Value | interested | interested erested interested | interested total
0.5 3.9 0.0 0.0 0.0 0.0 3.9
1.0 3.5 0.2 0.1 0.0 0.0 3.8
1.5 4.4 0.6 0.1 0.0 0.0 5.1
2.0 8.4 1.6 0.2 0.0 0.0| 10.3
2.5 8.7 5.9 1.0 0.1 00| 158
3.0 6.4 11.5 4.9 0.8 0.1 | 23.7
3.5 1.6 5.1 8.8 3.4 04| 193
4.0 0.4 1.2 3.7 6.2 21| 13.6
4.5 0.1 0.1 0.4 1.4 1.7 3.7
5.0 0.0 0.0 0.0 0.2 0.7 0.9
Total 37.4 26.1 19.3 12.2 5.0 | 100.0

“Somewhat interested” and “Interested” categories become more prominent (“Somewhat

interested” peaks around the 3-star rating). At higher predicted ratings (4.0 and above),

“Very interested” and “Extremely interested” levels become absolutely prevalent.

These patterns suggest that while there is a general trend of increasing interest with

higher predicted ratings, the relationship is not linear. Each interest level corresponds to

a range of predicted ratings, and these ranges do overlap.
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4.6.2 Interest for Seen, Absent from Movielens

It is evident that there are a number of movies that each participant has seen but has
not yet provided a rating for on Movielens. This means that there is no previous record
of interaction between that participant and the movie. For simplicity, we refer to these
as seen-unrated movies. After filtering the data for these movies, we followed the same
process as described in subsection 4.6.1. Table 4.15 represents the distribution of predicted

rating values for each one of the interest levels.

Table 4.15: Interest Levels vs. Predicted Rating for Seen, Unrated Movies (%)

Rating Not Somewhat Very Extremely
Value | interested | interested erested interested | interested total
0.5 1.0 0.0 0.0 0.0 0.0 1.0
1.0 1.0 0.0 0.0 0.0 0.0 1.0
1.5 1.4 0.1 0.0 0.0 0.0 1.5
2.0 4.5 0.5 0.0 0.0 0.0 5.0
2.5 7.7 1.5 0.1 0.0 0.0 9.3
3.0 14.2 6.2 4.1 0.8 00| 253
3.5 8.5 9.1 4.4 2.4 0.2 | 24.6
4.0 6.5 6.1 5.6 2.8 0.7 218
4.5 0.9 1.6 1.7 1.7 1.0 6.9
5.0 0.4 0.5 0.9 0.6 1.3 3.7
Total 46.0 25.5 16.9 8.3 3.3 | 100.0

Comparing these results to those for unseen movies shows some interesting differences.

First, for lower rating values (3 and below), “Not interested” is more dominant for seen-
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unrated movies than for unseen ones. This suggests that participants are less likely to
want to rewatch movies they didn’t enjoy. Second, the move from “Not interested” to
higher interest levels happens at higher ratings for seen-unrated movies (around 3.5 stars)
compared to unseen movies (around 2.5 stars). This indicates a potentially higher threshold
for rewatching. Next, for high ratings (4 to 5 stars), the distribution of interest levels is
more evenly spread for seen-unrated movies. On the other hand, “Very interested” and

“Extremely interested” are more dominant for unseen movies.

4.6.3 Interest for Seen, Consistency Check Movies

We continued by assessing the extent to which participants were interested in watching
another category of movies given their ratings for them. This category consisted of those
movies that participants tagged as seen and were added by us as part of the consistency
check process. From the distribution of predicted ratings per level of interest that is
depicted in table 4.17, it can be observed that most participants are not interested in
watching a movie in this category if they think they will rate it 3.0 or less. They are
mostly somewhat interested in a movie if they predict a rating of 3.5 or 4, and if their

anticipated rating is 5.0, they are likely to be extremely interested.
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Table 4.17: Interest Levels vs. Predicted Rating for Seen, Consistency Check Movies (%)

Rating Not Somewhat Very Extremely
Value | interested | interested erested interested | interested total
0.5 1.6 0.0 0.0 0.0 0.0 1.6
1.0 2.1 0.0 0.0 0.0 0.0 2.2
1.5 2.6 0.1 0.0 0.0 0.0 2.7
2.0 5.7 0.5 0.2 0.0 0.0 6.4
2.5 7.1 2.2 0.6 0.2 0.0 10.1
3.0 10.0 5.1 1.7 0.4 0.1 173
3.5 6.1 8.6 4.3 1.1 0.1 20.3
4.0 4.0 6.7 5.5 2.9 0.6 | 19.7
4.5 0.7 2.7 3.9 2.8 1.6 | 11.7
5.0 0.8 1.3 1.9 2.0 2.1 8.0
Total 40.9 27.2 18.1 9.4 4.5 | 100.0

4.6.4 Interest for All Seen Movies

A check was also done for all recommendations that were chosen as being seen before,
regardless of other aspects. The results are presented by table 4.19. We can observe that
the distribution has a similar trend with the seen, consistency check movies from subsection
4.6.3. This indicates that when a movie is seen before by a participant, there is not much

difference in interest if it was in the consistency check items or not.
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Table 4.19: Interest Levels vs. Predicted Rating for All Seen Movies (%)

Rating Not Somewhat Very Extremely
Value | interested | interested erested interested | interested total
0.5 1.3 0.0 0.0 0.0 0.0 1.3
1.0 1.5 0.0 0.0 0.0 0.0 1.5
1.5 2.0 0.1 0.0 0.0 0.0 2.1
2.0 5.0 0.5 0.1 0.0 0.0 5.5
2.5 7.3 1.8 0.3 0.1 0.0 94
3.0 12.3 5.8 3.0 0.6 00| 21.8
3.5 7.6 8.7 4.3 1.8 0.2 | 225
4.0 5.4 6.3 5.7 2.9 0.6 | 21.0
4.5 0.9 2.0 2.7 2.3 1.3 9.2
5.0 0.5 0.8 1.4 1.3 1.7 5.8
Total 43.7 26.0 17.5 9.0 3.8 | 100.0

4.6.5 Interest for Seen vs Unseen Movies

Furthermore, we analyzed the difference between the distribution of interest levels for
seen ratings and unseen predicted ratings. The difference was obtained by calculating the
percentage of each interest level and rating pair for both seen and unseen categories and
then subtracting the corresponding values. The goal was to check if we consider a rating,
does having seen a movie affect one’s desire to watch it compared to a movie they haven’t
seen yet? The results of the analysis are visualized in the heatmap shown in Figure 4.8.

Positive values (cells in red) show a higher percentage for seen movies, while negative values

(blue cells) indicate a higher percentage for unseen movies.
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Figure 4.8: Difference in Interest Levels between Seen and Unseen Movies
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There are a few conclusions that can be drawn from the results. For highly rated movies
(4.5-5.0 stars), participants show less interest in rewatching seen movies, but express strong
interest in watching unseen ones. This trend is weaker but still present for movies rated

3.5-4.0 stars.

As for the lower-rated movies (3.0 stars and below), participants are generally less
interested in rewatching seen movies compared to trying unseen ones with similar ratings.
This points out to a slight openness to new experiences, even with potentially lower-rated

content.

Lastly, the “Extremely interested” level maintains a higher percentage for unseen
movies among all ratings. This difference is more significant for higher rated movies.
This suggests a strong novelty effect in which participants are excited about watching new

movies they expect to rate highly.

4.6.6 Interest vs Familiarity

We continued by assessing the distribution of interest levels for each category of familiarity
that the participants chose. To ensure the integrity and validity of the results, those movies
that were added as part of the consistency check were first removed. Table 4.21 presents

the distribution.

The data reveals some interesting insights. For the familiarity levels of “Seen” and
“Never heard of”, the absolute dominant interest level is “Not interested”. This suggests
that, due to a potential lack of novelty, participants are not really interested in re-watching

a movie they have seen.

This could show the challenge of recommending interesting but unfamiliar movies. How-
ever, it’s important to note there might be other factors in play. For instance, it’s possible

that recommendations viewed as less relevant by participants usually include unfamiliar
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Table 4.21: Interest Levels vs. Familiarity (%)

Familiarity Not Somewhat Very Extremely
Interested Total

Level interested | interested interested | interested
Seen 5.1 2.8 1.9 1.0 04| 11.2
Very familiar 2.3 2.7 3.1 3.0 2.2 13.3
Familiar 5.7 6.5 6.5 4.1 14| 24.2
Never Heard of 25.3 13.9 7.6 3.7 09| 514
Total 38.3 26.0 19.1 11.8 4.8 | 100.0

movies, or that participants are less likely to show interest in movies they don’t know at all.
In contrast, items tagged as “Very familiar” or “Familiar” (but not seen) show a more bal-
anced distribution. They have higher percentages in the “Interested”, “Very interested”,
and “Extremely interested” categories compared to seen movies. This suggests a positive

correlation between familiarity and interest in unseen movies.

4.6.7 Interest with Low Predicted Rating

There were encounters of a situation in which a participant showed a good level of interest
in watching a recommendation, but their predicted rating was low. Therefore, a question
was formed to check if participants want to watch movies they think they’ll give a low

rating to. To provide a full description, we combine examples with the discussion:

e Historical or Controversial Content: The most prominent example is one partic-
ipant’s interest in “Adolf Hitler: The Greatest Story Never Told”. They gave it the
lowest predicted rating of 0.5 but were “Very interested” in watching it. According

to ( ), this movie is a “revisionist and pro-Adolf Hitler film” promoted
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by neo-Nazis. It is reasonable that someone might be interested in seeing such a
movie out of curiosity or to be able to critique it themselves, but they would not
want to express this interest in watching the movie in terms of a favorable rating or

even rate the movie at all.

e Cult Classics and Infamous Movies: One participant showed high interest in
“The Room” (2003) but gave it a 0.5 rating. This film is known for being “so bad
it’s good” that it attracts viewers exactly because of its poor quality. This suggests
an interest in seeing culturally significant or notorious movies without considering

their perceived quality.

e Horror and Thriller Genres: Many recommendations were horror or thriller
movies for which participants showed high interest but predicted low ratings. For
example: “House of 1000 Corpses” (rating 1.0, Extremely interested), “The Texas
Chain Saw Massacre” (rating 1.5, Extremely interested), and “Eden Lake” (rating
1.0, Very interested). This could mean that for some participants the experience of

watching horror movies is interesting, even if they don’t expect to give a high rating.

These instances suggest that there are many scenarios where a person does not expect
to like a particular movie but is interested in watching it due to many factors ranging from
cultural significance to pure curiosity. This observation underscores an important issue in
recommender systems that provided ratings have two purposes. On one hand, users want
to record their true opinion of a movie. On the other hand, these same ratings are used to
generate future recommendations. This setting poses a challenge: how can we accurately
predict what users want to watch if we only predict how they’re likely to rate a movie? The
discrepancy highlights the need for better evaluation methods that can tell the difference

between a user’s interest in watching a movie and their expected enjoyment or rating of it.
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4.6.8 Interest vs Popularity

We next investigated the relationship between participants’ interest levels and movie pop-
ularity. The total number of ratings in the ML-32M dataset was considered as a measure
of popularity. Based on this assumption and the fact that the number of ratings had a very
broad range, we first converted the number of ratings to log base 10 values and used it as a
measure of popularity. Afterwards, we looked into the overall distribution of popularity as
well as the distributions for various interest levels. To get a better understanding of each
interest level’s distribution with the overall distribution, we used quantile-quantile (QQ)
plots. These plots compare the quantiles of a specific interest category’s log popularity
with the quantiles of the overall log popularity. In each QQ plot, the red dashed line

represents y=x, and it shows identical distributions. Figure 4.9 illustrates the results.

As shown by the results, the least popular movies (those with fewer than approximately
100 ratings) have the highest percentage in the “Not interested” category. As for “Some-
what interested”, the popularity is neutral and shows no significant bias. This can also be
seen in its QQ plot which follows the y=x line. Higher interest levels, such as “Extremely
interested”, show a decrease in the proportion of low-popularity movies (those with less
than 100 ratings). More investigations are needed to establish the root cause of these
trends, but we can propose some early hypotheses. One theory is that participants might
not be interested in movies with few ratings due to a lack of familiarity. Furthermore,

recommendation algorithms might find it hard to suggest less popular movies.

4.6.9 Interest vs Recency of Movies

The other research question with respect to the distribution of variables for each interest
level was about the year of recommended movies. Therefore, we looked into this matter

by creating a box plot. As shown by figure 4.10, we can conclude that participants were
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Figure 4.9: Distribution of Interest Levels by Movie Popularity Zone

generally more inclined towards watching older movies, as we can observe that they mostly
like the movies from the early 2000s, even though the trend is not very strong and it is

rather a general one.

4.6.10 Participant Rate of Judgement

Another important part of our user study was to study the rate at which participants
provided their judgments. For this, we first calculated the amount of time spent between
viewing a page that included a recommendation and its details and submitting the judg-

ment for that recommendation. Then, these values were averaged for each participant.
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Figure 4.10: Distribution of Movie Years by Interest Level
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Our system had a 3 minute timeout, after which participants were automatically logged
out if they stayed inactive. Furthermore, participants were instructed that we expected
them to judge 2-3 movies per minute. Table 4.23 presents the statistical summary of the

average judgement times for all participants.

Table 4.23: Summary Statistics of Average Judgement Time (in seconds)

Metric Value
Number of Participants 51
Mean Average Time 20.3
Standard Deviation 6.6
Minimum 7.8
25th Percentile 16.3
Median 20.5
75th Percentile 24.8
Maximum 36.0

These findings suggest that our participants generally tended to stick to the expected

rate of judgment, although with some variation.

4.6.11 Factors Influencing Interest Level

To conclude our analysis of interest levels, we wanted to assess the overall factors that
describe participants’ desire to watch movies. Factors included whether or not they have
already seen the movie, their level of familiarity, the predicted rating value, and the movie’s
release year. To answer this question, we utilized a random forest classifier with 100
estimators and an 80/20 train-test split. The random forest classifier, first introduced by

( ), is an machine learning method that take into account numerous decision
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trees to predict the appropriate class for each input data point. For the list of considered
features, we chose rating value, release year of the movie, categorical encoding of familiarity
level (named familiarity_int), boolean value showing whether or not the movie has been
seen before by the participant, the rank chosen for the movie during the ranking stage of
phase two (used 0 for null values), and whether or not the movie has been used as either

phase one or phase two consistency checks (denoted by pl_check and p2_check).

Figure 4.11 demonstrates the values for feature importance obtained from the trained
model. Results show that the predicted rating value and release year are the most crucial
factors in determining the interest level. Furthermore, as for the performance of the model,
the F1 values for most interest categories were in the range of 0.4 to 0.43. However, for

the “Not interested” level, the model had an F1 score of 0.71.
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Chapter 5

Conclusion

In this study, we described the process of creating a novel dataset of movie judgments pro-
vided by a subset of MovieLens users. We examined the main differences between recruited
participants and average MovieLens users and investigated various factors that influence a
person’s willingness to watch a movie. For test collection, we gathered judgements from 51
participants on recommendations across three axes: their level of familiarity with the item,
their previous or predicted rating based on some provided information, and their interest
in watching the movie. Additionally, at the end of each study phase, participants were
asked to select their top three most wanted movies, in order of preference, from the titles

in which they had the highest level of interest. Our key findings from analysis include:

e Compared to the average MovieLens user, participants had significantly more ratings
in their profiles, with the average number of ratings being about seven times higher

(1,425 vs. 191).

e Participants showed high test-retest reliability, with a macro-averaged correlation

coefficient of 0.81 between their historical ratings and those provided in the study.
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e The study revealed a strong correlation between predicted ratings and interest levels
for unseen movies, with higher predicted ratings normally connected with greater

interest in watching.

e Familiarity with a movie without having seen it increased interest levels. But in
general, participants were generally less interested in rewatching movies they had

already seen, even if they rated them highly.

e Variables such as predicted rating, movie release year, and popularity were found to

influence participants’ interest levels in watching a movie.

e Some participants expressed interest in watching movies they expected to rate poorly,
mainly for historical, controversial, or cult classic content. This suggests that factors

beyond final movie rating can influence viewing decisions.

This thesis has produced a new test collection for recommendation systems evaluation
and has provided an analysis of the participants and the collected relevance judgments.
Future work will include a comparison of this test collection’s evaluation of the various
recommendation algorithms compared to traditional recommendation system evaluation
methods that make use of a test/train split of user profiles. Additionally, we plan to
investigate how effectively each algorithm captures unique user tastes, as observed during
the user study. After conducting these analyses, we expect to make the test collection
available to other researchers. This will contribute to the broader research community by
providing a valuable resource for further studies in recommender systems evaluation and

development.
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Appendix A

Web Interface Used for User Study

In this section, we have attached the user study participation guide, which was made
accessible to the participants on the web application. Text shown in quotes represent the

actual guidelines included in the original document. For instance, below is the introduction:

‘Hello and welcome to the mini tutorial on how to participate in this study. We've
outlined the steps for each of the two phases with screenshots and brief descriptions. This
tutorial follows the same flow you’ll experience during the study. If you encounter any issues

with the web app, please contact the student researcher at h2chaman@uwaterloo.ca.’
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A.1 Overview and Signup

Evaluation of Recommendation Systems Research Study

Thank you for your interest in our research study. We are a research group at the University of Waterloo led by Prof. Mark Smucker. This study is part of the Master's thesis
work of Houmaan Chamani and has been reviewed and received clearance through a University of Waterloo Research Ethics Board.

Goals of the Study:

In order to improve recommendation systems, we need to be able to accurately measure their quality. Our study aims to improve researchers' ability to measure
recommendation system quality by collecting from participants, such as you, movie ratings and feedback beyond what you have already provided to Movielens. Our study
works by first collecting from you your current Movielens ratings, and then we use your ratings to generate recommendations from a large number of different recommender
algorithms. We then have you rate and give feedback on these recommendations so that we can measure the quality of these and future recommendation algorithms. The data
we collect will form a long term resource available to researchers to advance the study of recommendation systems

y of Participatis quil and ation:

® To participate in the study, you must be 18 or older and a resident of the United States or Canada.

¢ The study has two phases. The first phase will take you about 2 hours of time. The second phase is optional and may take up to an additional 5 hours of time.

 To thank you for participating in the first phase, we will give you an Amazon e-gift card of $40 CAD or $30 US depending on whether you are a resident of the US or
Canada.

e If you participate in the second phase of the study, we will give you an Amazon e-gift card worth $15 US or $20 CAD per hour.

Expression of Interest:
If you are interested in participating in our study, please submit your information below, and we'll be in touch shortly with further details. Submission of your information below
does not oblige you to participate nor does it give your consent, i.e. you are merely expressing your interest in the study and requesting further information.

Full Name:

Email Address:

Figure A.1: First part of the overview page
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y of Participation Requi and R ation:

* To participate in the study, you must be 18 or older and a resident of the United States or Canada.

* The study has two phases. The first phase will take you about 2 hours of time. The second phase is optional and may take up to an additional 5 hours of time.

* To thank you for participating in the first phase, we will give you an Amazon e-gift card of $40 CAD or $30 US depending on whether you are a resident of the US or
Canada.

* If you participate in the second phase of the study, we will give you an Amazon e-gift card worth $15 US or $20 CAD per hour.

Expression of Interest:
If you are interested in participating in our study, please submit your information below, and we'll be in touch shortly with further details. Submission of your information below
does not oblige you to participate nor does it give your consent, i.e. you are merely expressing your interest in the study and requesting further information.

Full Name:
Email Address:
Age:

Country of Residence:

Contact Information:
Student Investigator: Houmaan Chamani

Faculty Supervisor: Prof. Mark D. Smucker

Figure A.2: Second part of the overview page

A.2 Login

Login to IRMrec
Username:

participant_2162543

Password:

eresenrasere

Figure A.3: Login page
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A.3 Homepage

‘After logging in, you’ll land on the homepage. Throughout the study, you’ll find a drop-

down menu on the top right side of the page. The homepage provides a summary of the

study steps. To start the main task, which involves judging recommended movies, click on

the blue button or select the second item from the drop-down menu.’

IRMrec participant_2162543 ~

Welcome to the Information Retrieval Movie Recommendation!

As you have seen in the tutorial, this study consists of three main parts. You can access each part from the dropdown menu in the top right
corner of the page, you can also revisit the tutorial from the dropdown if needed:

1. Judge Movies: Based on your rating profile, you will be recommended a set of movies. For each movie, there are a two or three questions
that you should answer.

2. View Judged Movies: You can always review the movies you have already judged in the system. You can even modify your answers by
clicking on the movie title.

3. Final Ranking: In the last step, we will ask you to choose your top movies from all the recommendations. Please note that this step will only
be unlocked once you have judged all the recommended movies.

Looks like you already handled the quiz, so please judge the following movies:

Figure A.4: Home Page

A.4 Movie Judging

Homepage

Judge Movies
Judged Movie List
Final Ranking
Tutorial File

Logout

‘To judge a movie, click on the drop-down boxes to make your choices and hit the blue

submit button when you’re finished. The questions are as follow:

A - How familiar are you with this movie? There are 13 options to choose from

for the answer, divided into two groups.

1. Have not seen the movie

1.1. Never heard of it: You have not seen the movie and have never heard about

it.
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1.2. Familiar with the movie: Still unseen, but you have heard about it from

somewhere.

1.3. Very familiar (read reviews, seen trailers, etc.): Still unseen, but you are very
familiar with the movie, for maybe you've watched some trailers or read reviews

of the movie or have even done a search about the plot, etc.
2. Have seen the movie - 0.5 to 5 stars

2.1. Rate the movie based on your experience, using the same rating scale as Movie-
lens (0.5 to 5 stars). In some cases, you may be given a movie to rate that
you've already rated on Movielens; please rate them again for this research
study. These ratings are for the research study only and will not be associated

with Movielens.

B - How interested are you in watching this movie via a streaming service?
Imagine you are given a subscription for a streaming service for free. In that case, what
would be your level of interest in watching this movie on that platform, assuming the movie
was available to watch? Please note that this holds for both seen and unseen movies. For
example, for some seen movies, you may be very interested in watching them again, while
other seen movies, even ones you love, you might not care to see again. There are five
answers to choose from for this: Not interested / Somewhat interested / Interested / Very
interested / Extremely interested Your interest level should correspond to the likely order
that you’d watch the movies. For example, you’d watch the “extremely interested” movies
before you’d watch the “very interested” movies and so forth. You would never watch the

“not interested” movies.

C - For unseen movies only: if you were to watch this movie, what would
you predict your rating of it to be? For this question, you are to predict what your

Movielens rating would be for the movie after you watch it. You will only answer this
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question for unseen movies. This question is disabled for any movies you've already seen

as per the first question.’

IRMrec

Aloha

A celebrated military contractor returns to the site of his greatest career triumphs and re-connects with
a long-ago love while unexpectedly falling for the hard-charging Air Force watchdog assigned to him.

Release Year: 2015 Runtime(min): 105

Cast: Bradley Cooper, Emma Stone, Rachel McAdams, Bill Murray, John Krasinski
Director(s): Cameron Crowe

Genres: Drama, Comedy, Romance

Languages: English, Pycckuii

How familiar are you with this movie?  Choose an option V‘

How interested are you in watching this movie via a streaming service? ‘ Choose an option V‘

For unseen movies only: If you were to watch this movie, what would you predict your rating of it to be? ‘ Choose an option v

Figure A.5: Default view of the movie judgement page

A.4.1 Judging Speed and Use of other Websites

‘It is important to work efficiently when judging movies. While we want you to judge
movies carefully, you should not dwell for a long time on your decisions. On average, we
expect you to judge movies at a pace of approximately 2 to 3 movies per minute. This is
an average pace. For some movies you’ll have quick decisions, and for others you’ll need

to contemplate the plot summary, actors, director, etc.

You should not make use of other websites for additional information about the movie.
Please use the information on the page to guide your decision. There is no time budgeted

to research a movie beyond the information that we provide.’
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A.5 List of Judged Movies

‘At any point during the study, you can view the list of movies you've already judged
by selecting the corresponding option from the top right dropdown menu. On this page,
you’ll see the number of remaining movies to judge. By clicking on the blue text in the
middle of the page, you can resume the judgment task. If you wish to edit your answers
for previously judged movies, click on the movie’s title. You can also sort the list based on

your rating or willingness to watch using the sorting option in the top right section.’

Judged List 3 Movies Left to Judge, Click to Resume SortMoviesBy: ¥]

Title (click to edit movie rating) Year Familiarity Your Rating Willingness to Watch

o -
%‘“ Aloha 2015 Seen 35 Very interested
|

Figure A.6: List of judged movies

A.6 Judgement Completion

‘Once you've judged all the recommended movies, you’ll reach this page. Here, you can
choose to review your choices or make changes to any of them. Once you are satisfied with
your judgments, proceed to the final step, which involves ranking the movies you are most

interested in watching.’
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IRMrec participant_2162543 ~

Judgement finished!

You are done with the recommendation judgement phase!

If you want, you can take a look at the list of judged movies by clicking on the button below. You can also choose
to edit each one of the judged movies:

Judged Movie List

Alternatively, you can go to the final ranking directly:

Final Ranking

Figure A.7: Judge completion page

A.7 Ranking

‘In this page, you can see the list of all the top movies based on your previous answers
for the judgment task. In this part, we ask that you choose your top three items out of
this list and rank them. You can imagine the question in the following way: if you were
to pick three movies out of this list, which three would you pick and in what
order would you watch them?. We call this the watch queue. As you can see in the
picture above, you can choose to include each item in your watch queue. Please note that
the queue is updated as you click on new items. For instance, if you have chosen three
movies such as M1, M2, and M3 and ranked them, should you choose to place another
movie (like M4) in the first rank, the previous ranking would change and your new watch
queue would be M4, M1, M2. Also, you can choose to empty a previously filled slot in the
watch queue using the trash can icon next to each slot. Please note that a single movie
can not be in the watch queue twice, and the three items should be unique, and all
three slots should be filled with a movie. Once you have your queue built to your

satisfaction, please submit your watch queue using the submit button.’
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IRMrec

Choose Your Top Picks Watch Queue

Title Year Place in Top Three
Rank 1

Jumanji 1995 n
Rank 2
Rank 3
cane
Leaving Las Vegas 1995

Figure A.8: Movie ranking page

A.8 Ranking Unavailable

‘Please note that ranking and creating your watch queue is the final step. Ensure that
you’ve judged all recommended movies before attempting to rank them. If you click on the
ranking option in the top right dropdown menu before completing the judgments, you’ll
see this page. You can resume judging movies by clicking the first button on the left (Judge
movies) or view your previously judged movies using the second button on the right (View

judged movies).’
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IRMrec varticipant_2162543 ~

Final Ranking Unavailable!

You still have remaining movies to judge before proceeding to final ranking:

View judged movies

Figure A.9: Ranking page unavailable

A.9 Post study questionnaire

‘When you submit your watch queue, you will be redirected to this page. This is the last
step of each phase. We'd like to know your opinion on any part of the study including the
user experience, recommended movies, goal, basically anything that comes to your mind.

There is a text box to type in your feedback.’

IRMrec participant_116.

Almost there!

The only remaining part is the post-study feedback for phase one!

Please give us any sort of feedback you can think of regarding the system, user experience, study design, or any
other aspect! We will use your valuable response to improve future studies.

Characters left: 300

Figure A.10: Post study questionnaire
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A.10 Final page

‘This is the last page you will encounter at the end of phase one. As indicated, to receive
reimbursement for your time commitment, please send an email to the student investigator
using the same email you signed up with and also make sure to include your unique
participant ID in the email. Lastly, if you’d like to also participate in the second phase,
which involves judging more recommendations, please also indicate this in your email. We
will gather all responses from the first phase and contact selected individuals to take part

in the second phase.’

IRMrec participant_1162542 ~

Thank you for completing phase one!

You have successfully completed phase one of the IRMrec study.

To receive reimbursement for your time, send an email to h2chaman@uwaterloo.ca using the email you signed up
for the study with. Please make sure to include your participant ID in the body of the email.

Also, if you are interested in participating in phase two, which involves the assessment of up to 1000 movies,
please let us know in your email. We will contact you if you are selected for phase two.

Figure A.11: Final web application page
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Appendix B

Web Interface Quiz

The following quiz was presented to participants before they could proceed with the study.
Participants were required to answer all questions correctly to continue. Correct answers

are marked with an asterisk (*).

1. When judging movies and specifying your interest in watching the movie via a stream-

ing service (Netflix, etc.), what should your interest level correspond to?

e The degree to which you like the movie or anticipate liking the movie, i.e. your
rating.
e *The likely order that you'd watch the movies, i.e. you want to watch the movies

you are more interested in before the movies you are less interested in.

2. When judging movies and specifying your interest in watching movies via a streaming
service (Netflix, etc.), can you be interested in watching movies that you've already

seen’?

e *Yes. We all know the joy of finding a favorite movie available on a streaming

service and wanting to watch it again.
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e No. If you've already seen a movie, you should not be interested in watching it

again.

3. When judging a movie and specifying your interest in watching a movie via a stream-
ing service (Netflix, etc.), you have seen the movie previously and rated it 5 stars,
the highest rating possible, can you be uninterested in watching it again?

e *Yes. It is possible to love a movie but not be interested in watching it again.
e No. If you love a movie, you must be interested in watching it again very soon.

4. When judging movies, for the movies you've already seen, what is the rating scale

that you will use?
e *The Movielens rating scale of 0.5 to 5 stars, and I should rate the movies the
same as if I was rating them on Movielens.

e On a scale of 0 to 100 where scores over 50 are for movies I like and scores less

than 50 are for movies that I dislike.
e There is not a rating scale. I am supposed to describe in words my opinion of

the movie.

5. For a movie you have not yet seen (an unseen movie), what are the possible judg-
ments?
e *1. Never heard of it. 2. Familiar with it. 3. Very familiar with it.

e 1. Inappropriate or bad recommendation. 2. Okay recommendation. 3. Good

recommendation.

e None of the above.
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6. For an unseen movie, we will ask you to predict what your Movielens rating would
be for the movie after you watch it. Is this the same as your interest in watching the

movie?
e Yes. The higher your predicted rating, the more interested you are in watching
the movie.

e *No. Your predicted rating is based on how much you think you’ll like the
movie, but your ”interest in watching” level is based on your true desire of what

order you want to watch movies in.

7. How can you view the list of movies you've already judged during the judgment
phase?
e [t is not possible
e Refresh the homepage
e *Click on the corresponding option in the top-right dropdown menu

e You will automatically be redirected to that page after judging each movie
8. How can you make edits to your answers for a movie you have already judged?

e A page will pop up right after submitting the first set of answers for that specific

movie
e *By clicking on the movie title available on the judged movie list page

e [t is not possible
9. Where can you find the number of remaining movies to be judged?
e Go to the Homepage

e You will see it after each movie you judge on the ”Judge Movies” page.
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e *If you go to the ”Judged Movie List” to review your judgments, you will see

the number of remaining movies to be judged, too.
10. How can you access the ranking page before finishing all judgment tasks?

e *You can’t as it will become available once all movies have been judged
e By Clicking on the corresponding option in the top-right dropdown menu

e You can access it via a link on the Judged Movie List page
11. What is the most accurate description of the ranking phase?

e Randomly fill out the available spots from the pool of shown movies on the page

e *From all the shown movies, pick the three you are most interested in watching
and rank them in order based on your interest to watch them, i.e. which movie

you want to watch first, second, and third.

e Choose any three movies and rank them.
12. When judging movies, how fast should you work?
e [ should be very deliberative and take as much time as needed to produce the

most accurate judgments.

e *I should judge at a pace of about 2-3 movies per minute. As such, I can only
use the information provided to make a decision. I need to balance accuracy

with speed.

e The faster I work the better regardless of my accuracy.
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Appendix C

Participant Feedback

In this section, we have included all the feedback received from our selected participants

(SP) during the user study. Each row of the table is a participant.

First Phase Feedback

Second Phase Feedback

Unclear if initial quiz was referring to Movie-

lens interface

Time to login again should be extend up from
3 minutes. Love to see the rating of the
movie. If I felt a movie skewed much younger

I would be less likely to watch it.

I found it all very easy to use!

Nothing I can think of. It all worked well and

intuitively!

Maybe a wider range of choices for the rank-

ing stage.

Final Ranking could be expanded upon in fu-

ture studies perhaps
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Actors and directors are a huge factor
in swaying peoples’ perceptions of movies.
Maybe it would provide some more insight
if you included a ”Never heard of it - familiar
with cast/director” option, or something to

that effect.

None, the system was great, I had no issues

with it.

Experience and design was great! No com-

plaints or feedback.

The instructions should be put on a page be-

fore the questions about the instructions.

No new feedback to give.

It has been fine so far, gets a little repetitive
but there’s nothing you can do about that
really

Same as last time, got repetitive but there’s

nothing you can do about it

I didn’t quite know what to do what multiple
films from series I had not seen. I am less in-
terested in watching all subsequent films than
the first, but I'm not always sure which one

is the first.

No additional feedback from last time!

When first logging in to review the updated
consent forms and answer the quiz, I did get
timed a couple times. Interface for rating

movies was straight forward and east to use.

After completing phase two, I chose to edit
a few selections from my judged movies list.
I think it would be helpful if I was brought
back to the screen with all my judged movies,
instead of having to click another button to

see my full list.
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I enjoyed the survey, there were several
movies I never heard of that I'm now inter-

ested to see

Maybe you should be able to opt out of cer-
tain movie genres. For example I have no
interest in most animated movies so I will al-

ways rate them lower.

I find previews the most useful predictor of
whether I will like a movie. When I based
movies on reputation and descriptions, I liked
about 10% of the movies I chose to watch.
When [ use previews to make my selections, |
like about 60% of the movies I chose to watch.

There’s also a lot to be said for "made by the

same writer (or director)”.

Have to keep in mind, even though I agree
2.5 stars is not very good, it’s an expected
average based on my existing data. 1 pes-
simistically don’t expect many to be better
than that. Sturgeon’s revelation. 2.5 as an
expected average after I have already been
very selective. Judging these synopses, how
being formulaic is safe, but hard to be great.
I had very little information to make these
interesting to me. Previews are much more
informative, but time consuming. Inflating
based on past experiences, deflating based on

genres | am not interested in: Horror, Stand

Up.
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This was really enjoyable. There are a couple
movies that I saw so long ago, I'm slightly
not sure I have seen them, but that was only
a very few. Product of having seeing a lot
of films and being over 50, I guess! The in-
structions were more confusing than the ac-
tual ranking but that’s how things often go.
The quiz is good idea. Hope to be part of the

next phase!

This was a really easy system to use and ex-
posed me to a lot of movies I'd like to add to
my list. I appreciated being able to change in
the moment before I submitted my rankings
and also, though I didn’t use it, knowing I
could edit if I wanted to. I also liked being
able to work at my own pace and time as it
was very easy to log in and out. Happy to be

a survey subject for you anytime!

I found the descriptions really helpful in mak-
ing decisions. I really like the interpretation
of ranking (like on movielense).

I wish you displayed all the options with in-
stead of a drop down. It would have reduced
the number of clicks in half!

I really struggled with rating the unseen
movies that I don’t intend to watch. The
most important determinant of rating for
me is quality, and I can’t tell that without
more info (and potentially watching it my-
self). This was particularly relevant for the
Holocaust movies because I have Opinions.
I'm surprised you didn’t ask what languages

I speak.
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There was one movie that had no description.
I was still able to make a judgement because I
knew what Joseph Campbell’s hero’s journey
was, otherwise I would have been completely

uninterested.

After finishing judging movies in phase one of
the study, all of the movies were fresh in my
mind when doing my final ranking. When do-
ing the final ranking for phase 2, since I did it
over multiple days, I found myself struggling
to recall some of the movies I was completely
unfamiliar with but showed interest in seeing.
Putting some or all of the information used to
make my judgements would have helped me

with recalling what each movie was about.

1x-2x I was asked to judge a movie and then
later the original movie that inspired the re-
make. Because the movies have the same
plot, my interest level & familiarity were
practically identical (apart from not knowing
it the original or remake). This may be the
case for most people, and avoiding duplicates
may help improve the data &/ recommenda-
tions. Several movies were simply redone ver-
sions of other movies or TV series. In this
case I had seen all of the original series and
loved them, and while I would watch them, I

would infinitely prefer to find a new/original

movie.

Separate final queues for watched & un-
watched may provide more info; I can easily
rank limited faves &/ unknowns, but putting
them in the same queue is like apples & or-
anges.

Sometimes [ was frustrated to see just a few
poor movies from a particular series or direc-
tor: I wish I could have left a note of the good
ones (e.g. Phantasm, Mike Flanagan, &c).
Twice I thought I knew why the algorithm
picked a particular suggestion (e.g. The
Foundling (1939) because of Paper Moon
(1973)), which made the next few q’s more

about resisting gaming the system. Unsure if

it matters or how to prevent.
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I had no problems with any phase of the
study. It was enjoyable and easy to under-

stand.

A progress bar might be helpful to let people
know how far along they are in the study /

survey.

It was pretty easy & simple to get through.
I was a little surprised with how many of the

recommendations I had never even heard of.

Wow, that was a lot of movies to sift through
haha. Once again, very surprised at how
many | totally hadn’t heard of, whether be-

cause they are new, very old, or foreign films.

quite a smooth experience, had no problems
at all, got a lot of movies I was interested in

seeing.

alot of movies i’'ve never heard of, I still en-

joyed doing the study :)

I had multiple short features and comedy spe-
cials amongs the movies. I think it might bias

the study since they aren’t movies per se.

Maybe a "previous” button could be bene-
ficial when rating, in case you clicked sub-
mit too fast. Since we are not able to access
the movies in the judged list by most recently
judged, I can become tedious to find the last

rated movie.

I really don’t have much to say. the process

was pretty straightforward

The only issue I faced here was putting to-
gether my final to-watch queue. I had to min-
imize the zoom on my page to find the submit
button. Itried a few times and couldn’t figure
out how to submit my choices. For reference

I'm using firefox.

Very straight forward study and design. Rat-
ing movies you haven’t seen nor heard of is
very difficult so possibly remove that option

as it could skew the results.

Same as phase one. Very easy to use the in-
terface and overall value seems in the right
place. Still not sure the value of trying to

guess my rating on unknown movies.

113




You should be able to pause to go to the bath-
room or get a drink. Also, I hate animated
films, documentaries, and most foreign films

but that is mostly what you gave me to rank.

That was fun. 1 was surprised how many
short films were shown. I find it curious you
ask me to predict what I'd rate movies I've

never even heard of.

Got tired of seeing "movies” for stand-up co-
median performances. Not interested in those
at all. I'm looking forward to watching some
of the recommendations. If nothing else, this
was a good way to be exposed to lots of

movies I've never heard of.

I thought everything was very smooth! The
only criticism, some of the titles I was be-
ing asked to judge weren’t really movies.
Many were short films that run shorter than
10 mins, I'm unsure of whether those titles
necessarily belonged in this sort of study.

Thanks!

Everything was good. FEasy to understand.
The begin questionnaire was a little confus-
ing. The questions themselves were difficult
to understand what you were looking for on
some of them. Besides that it was very easy

to understand.

Everything was good. FEasy to understand.
Being able to start and stop was really good.

No complaints.

System was good.
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Overall, the system seemed well designed. A
back button might be nice, since a couple of
times while judging I had to go back to double

check a response I'd given.

Some sort of indicator of the remaining num-
ber of movies while on the rating screen might
have been useful so I wouldn’t have to go to
the Judged Movies List to check. (I was try-
ing to do a certain number each day to break

it up.)

Overall, this was an enjoyable study to take
part in. The tutorial was very helpful in con-
ceptualizing the difference between interest
and rating. I did run into a Ul bug in the
final ranking. When using Chrome browser,
the ’submit’ button is not visible, even when
scrolled all the way to the bottom of the page.
In Edge, it is visible, but it is pushed down
almost out of field of view if your selected
movies have longer titles. I was barely able
to access the button to submit, even when
scrolled all the way to the bottom of the page.
Other than that, though, the site was very

easy to navigate.

Nothing new comes to mind beyond what I
mentioned at the end of phase 1. I was glad

to be a part of this study!

2-3 minutes might be to long. If you are fa-
miliar with the movie, you can answer in only
a few seconds. If you are unfamiliar with the
movie, reading the description takes less than

a minute.

I am a frequent user of Movielens, and the
recommendations from it have highly effected
my responses. I do not know if this is an
issue for your study, but I thought it could

be worth noting.
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1. A handful of the movies presented to judge
were ones | knew I'd seen and already rated
on ML - and I wondered if that was by design.
2. A handful of ”” ”” were ones I'd seen but
not yet rated on ML. Now I don’t remem-
ber which ones they were and ” Judge Movies
List” is no longer available! Can the list be
made available to those finished Phasel, or
emailed? 3. A handful of 7”7 ”” were either
tv series, tv miniseries, movie shorts or car-
toon shorts —ie: not movies, an ongoing prob-
lem/issue with the ML database. These are
often tagged as such by users. Is there a way

to filter them out by tag?

I found my participation worthwhile: as a
movie nerd, I try to keep track of watched
films & ratings but sometimes, particularly if
I want to think about the film a bit before
rating, I forget to add them to ML or IMdB
— and a few movies presented for me to judge
were ones that had slipped through, so it was
good to be reminded of them. Same for films
I've seen but wouldn’t mind seeing again.

I added my final JML to a spreadsheet so I
can filter the ones I want to add to my watch-
list. Now, if only there was a way to export
my JML ’Seen’ scores from this study directly
into ML...

The only thing I can think of that would have
made the experience more pleasant would be:
1. Splitting the instructions and quiz ques-
tions up, so you read a section of instructions,
then answer a few questions, and so on. 2.
Some kind of break from rating movies. So
after every 20 movies, getting a little anima-

tion or words of encouragement or something.

Thank you for the opportunity to participate!

I thought the Ul was easy to use and I found
some very interesting recommendations dur-
ing the study that I will definitely be adding

to my watch list.

My only suggestion is that it would be nice to
be able to see some indication of how much
progress you have made on the ratings (like a

progress bar or percentage on the screen).
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The submit button in Ranking - Top Picks
was not visible until I made the window
fullscreen (F11) and then it appeared. No

other comments at this time.

Being able to exclude certain categories of
movies from the recommendation system
would be ideal. For example, I am generally
not a fan of and not interested in documen-
taries of any kind, or similarly I am not inter-

ested in "behind the scenes” types of films.

Giving the synopsis of the movies under the
Ranking List would help determine which or-
der I'd like to watch movies in. I looked
through so many over so many days that I
cannot remember the synopsis of some of the
movies [ was extremely interested in watch-

ing, and some definitely have a higher priority

than others.

Some of the language selections on recent Hol-
lywood films seem to be incorrect. I also feel
like the definition of 'movie’ was stretched to
include several short films, TV shows, and
standup comedies, which don’t seem directly
comparable to feature length films - short
films in particular are such a different viewing

experience.

Still have issues with the comparability of TV
movies/TV shows/shorts, and some of the
foreign language films (particularly the Rus-
sian ones) had no useful information in the

descriptions.
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Adding a section for the judge to explain how
they capture, curate and consume media. I
think this drives my ranking of movies to
watch next. Also, the sources of visibility on
algo ranking would be helpful directing me on
which movie ranking I should choose.

I love your service by the way. I love that you
allow for a data dump on movies watched.

Very nice job you guys!

I’d be curious on what insights you gain
from our reviews and ranking. Any summary
would from your research would be greatly
appreciated to provide context on this study.

Thank you again.

Liked it! Would like to have been able to
fill out a watch queue more than once, with
additional movies thrown in. 1 would also
have liked to rank all of them on a ”watch
queue”. More generally on the movie judg-
ing section, I would have liked to see a skip
button or something that says I don’t nor-
mally watch these types of movies, making
them fairly hard to rank. And I assume this
is outside the scope, but a quick trailer re-
ally would have reinforced my rating on some

of these movies, trailers would have made it

easier. Thanks for inviting me!

I would like to rate more things for the final
watch queue or a larger amount of queues to

create?

118




[ always find it difficult to assess what I would
think of a movie I haven’t seen. For movies
I've already rated on Movie Lens, I put in the
same rating. How long ago I saw a movie is
a big factor in how interested I am in see-
ing it again, as is the rating and the type of
movie. Also, a significant portion of the data
seems to include music/concert videos, ani-
mated shorts and other short films, and most
of all comedy specials. I don’t think any of
that belongs in this data, personally. I hid
anything like that if it floats to the top of my

recommendations in movielens.

I think my feedback is similar to that of phase
1. A lot of short films, documentaries, com-
edy specials, etc, that don’t quite fit with

standard films in my opinion.

Everything worked smoothly. I think that
I've got a feel for what you’ve presented and
the intention, but there’s nothing to stop me
from rating films - seen or unseen - which I

do freely and with more than a little gusto.

The interface was easy to use. The only
slightly irritating part - also a problem with
Movielens - is that a large number of the
"films” were episodes of television series, 5 or
6 minute Bugs Bunny cartoons, and a host of
others that are certainly not feature films or
"movies” at all. The last time I looked the

TV series Firefly was still listed as a film.
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I have found it hard to predict scores for
movies that I don’t know or am not inter-
ested in watching. Especially, movies that
are not really movies, like comedy shows, TV
episodes, shorts. Normally, I would just leave
them out of my rankings, unless - they were
really great. Omne things to improve: short
auto logout time. I got logged out when I
tried to write and send this note. Good that
I made a copy before sending ”Submit”, oth-

erwise it would be lost.

You might save time by asking first if there
is any type of movie that the person is go-
ing to automatically rank ”Not interested”
every time. Like for example, I'm going to
put "not interested” on any animated movie
or any movie that I think is going to ”preach”

to me.

Let the person rule out a whole subset of
movies that they know they will rank as Aw-
ful. Like for example, for me that would be
Asian movies or animated movies or movies

that are too ”preachy”.

Having a quiz was surprising. Usually I figure
things out as I go along rather than memorize
instructions. The quiz made me pay more

attention. The set-up was clear.

Maybe because I've already rated a lot of
movies, I ended up having to judge cartoons
and short films. I don’t think they are on a
par with full-length movies so I would omit

these from the study if you can.
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This was interesting to do. Felt a little unfair
but a lot of movies were basically disqualified
because I usually don’t/won’t watch foreign
films— not strictly, but it’s rare that I will
watch a foreign film. Similarly I'm not as
interested in films more than 40 or 50 years
old. T feel guilty judging films based on that

criteria but it’s honest.

Thank you! Enjoyed reading about the
movies, and have a useful resource for when

I need something to watch!

Perhaps have an option for movies you've
seen but don’t really remember - hard to
rank? Or perhaps instructions that if you've
seen it but don’t remember it enough to give

it a ranking, then designate as "unseen”.

It would be interesting to get a file of the
moves we rated - a lot of foreign films I've
never heard of! I mentioned in the first part,
but having an option or instructions on what
to do if you have seen one but don’t remember

enough to rate it. Thank you!
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I was confused for a bit answering the ques-
tions on the instructions because I skipped
past the first introductory line without read-
ing it. I eventually scrolled back up to the
top, but maybe the first question should start
with ”Based on your reading of this study’s
instructions (posted above),...” T did figure
this out in the end though.

Everything else was clear to me.

I did find there were a lot of documentaries on

music, which I have no interest in watching.

Movies I ranked near the start of the study
and ones I ranked near the end seemed to
have some duplicates. I tried not to let it
affect me, but the mood I was in probably
affected how receptive and adventurous I was
in my movie tastes. A big factor for my like-
lihood to watch a movie sooner is whether or
not it is in English. I watch movies with sub-
titles, but since English language movies are
easier to watch, because you can glance away,
I am always more likely to watch those. Also,
while this was a good system, there is no way
to find the most recent movie I ranked to edit

it.
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