Module3

Syllabus: Feature Generation and Feature Selection Extracting Meaning from
Data: Motivating application: user (customer) retention. Feature Generation
(brainstorming, role of domain expertise, and place for imagination), Feature
Selection algorithms. Filters; Wrappers; Decision Trees; Random Forests.
Recommendation Systems: Building a User-Facing Data Product, Algorithmic
ingredients of a Recommendation Engine, Dimensionality Reduction, Singular
Value Decomposition, Principal Component Analysis, Exercise: build your own
recommendation system.

3.1 Extracting Meaning from Data
How do Companies extract meaning from Data?

Companies extract meaning from the data they have through several
key processes, as discussed below:

1. Feature Extraction and Feature Selection:

e Feature Extraction: This involves transforming raw data into a
more usable format. For example, instead of feeding raw data
directly into an algorithm, which could lead to the "garbage in,
garbage out" problem, companies carefully curate the data. This
process ensures that the data is clean and relevant.

e Feature Selection: This process involves choosing a subset of
the data to use as predictors or variables in models and
algorithms. It helps in constructing a meaningful dataset by
eliminating redundant or less informative variables. For
instance, transforming a continuous variable into a binary
variable can be a form of feature selection that simplifies the
model without losing essential information.

2. Decision Trees: Companies use decision trees to identify patterns
and make predictions based on the data. For example, a decision
tree might reveal that the likelihood of a user returning to an app
next month is higher if they play a certain number of times in the



current month. This insight can help companies strategize user
retention efforts.

. Bagging and Random Forests: Bagging, or bootstrap aggregating,
helps in reducing variance in predictions by averaging the results
of multiple models. Random forests, which are an extension of
bagging, further enhance this by incorporating multiple decision
trees to improve predictive accuracy and handle idiosyncratic noise
in the data.

. Combining Qualitative and Quantitative Research: A hybrid
approach that combines both qualitative insights and quantitative
data helps in deriving more nuanced understandings. For instance,
gualitative research might identify user behavior patterns on a
small scale, which can then be validated and expanded using large-
scale quantitative data. This approach ensures that the insights are
both statistically significant and contextually rich.

. User Retention Analysis: By building models that predict user
behavior, such as whether a user will continue using an app,
companies can tailor their strategies to enhance user retention. For
example, a model might suggest that showing ads within the first
five minutes decreases retention rates, guiding companies to
adjust their advertising strategies accordingly.

These methods illustrate how companies can derive actionable
insights from their data, improving decision-making and strategic
planning



3.1.1 Methodologies and Approaches adopted by Kaggle
and Google to extract meaning from Data.

From the perspectives of William Cukierski from Kaggle and David
Huffaker from Google, companies extract meaning from the data
they have through distinct methodologies and approaches.

3.1.2 William Cukierski's Perspective (Kaggle)

William Cukierski emphasizes the importance of feature extraction
and feature selection in data science. He outlines the following
processes:

Feature Extraction: Transforming raw data into a curated format to
avoid the "garbage in, garbage out" problem. This process ensures
that the data fed into algorithms is clean and relevant.

Feature Selection: Constructing a subset of data or functions of
data to be predictors or variables for models and algorithms. This
helps in reducing redundancy and focusing on the most informative
variables.

Kaggle Competitions: Kaggle hosts competitions that crowdsource
solutions from data scientists worldwide. Participants are given
training sets and test sets where they apply their models to make
predictions. The competitions foster a "leapfrogging" effect,
encouraging iterative improvement and innovation in model
building.

Crowdsourcing: Leveraging the collective intelligence of the global
data science community to solve complex data problems for
businesses. This approach allows companies to tap into a diverse



pool of talent and ideas, leading to more robust and creative
solutions.

3.1.3 David Huffaker's Perspective (Google):

David Huffaker from Google takes a hybrid approach to social
research, combining qualitative insights with quantitative data. His
key points include:

e Descriptive to Predictive Analysis: Moving from simply describing
data to predicting future trends and behaviors. This involves
building models that can forecast outcomes based on historical
data.

e Combining Qualitative and Quantitative Research: Integrating
qualitative research, such as user interviews and ethnographic
studies, with large-scale quantitative data analysis. This hybrid
approach provides a more comprehensive understanding of user
behavior and social trends.

e User Retention Models: Developing models that predict user
retention based on various factors, such as user activity and
engagement patterns. These models help in strategizing to improve
user retention and satisfaction.

e Ethical Considerations: Addressing privacy concerns and ensuring
ethical use of data. Huffaker emphasizes the importance of
transparency and user control over their data to build trust and
mitigate privacy risks.

Both Cukierski and Huffaker highlight the necessity of careful data
handling, whether through sophisticated feature engineering or a
balanced approach to qualitative and quantitative research. Their



insights reflect the diverse strategies companies use to extract
meaningful insights from their data.

3.1.4 Different Approaches to Extract Meaning from Data:

Extracting meaning from data involves interpreting raw data to gain
insights that can inform decision-making, reveal patterns, and
support predictions. This process is fundamental in data science,
which combines statistics, machine learning, and domain expertise
to transform data into actionable knowledge. Here are different
approaches to extract meaning from data, illustrated with three
examples:

1. Descriptive Analysis: Descriptive analysis involves summarizing
and describing the main features of a dataset. This includes using
statistical measures such as mean, median, mode, and standard
deviation, as well as visualizations like histograms, bar charts,
and scatter plots.

Example: A retail company might use descriptive analysis to
understand sales performance across different regions. By
summarizing sales data, they can identify top-performing products
and regions, seasonal trends, and customer preferences.
Visualizing this data helps in quickly grasping key insights and
making informed business decisions.

2. Predictive Modeling: Predictive modeling uses historical data to
build models that can predict future outcomes. This often
involves machine learning techniques such as regression
analysis, decision trees, and neural networks.

Example: An e-commerce platform may develop a predictive model
to forecast customer churn. By analyzing past customer behavior,



purchase history, and engagement metrics, the platform can
identify patterns indicating which customers are likely to stop using
the service. This allows the company to implement targeted
retention strategies to reduce churn rates.

3. Clustering and Segmentation: Clustering involves grouping data
points based on their similarities, often using algorithms like K-
means, hierarchical clustering, or DBSCAN. Segmentation is used
to identify distinct groups within a dataset that share common
characteristics.

Example: A marketing team might use clustering to segment their
customer base into distinct groups. By analyzing purchase behavior,
demographics, and engagement levels, they can create targeted
marketing campaigns for each segment. For instance, they might
discover a group of high-value customers who frequently purchase
premium products and design exclusive promotions to retain this
segment.

4. Feature Engineering:

Feature Extraction: Transforming raw data into formats suitable for
modeling, such as creating new variables from existing ones.

Feature Selection: Choosing the most relevant features to improve
model performance by reducing dimensionality and eliminating
redundant information.

Example: In predictive maintenance for manufacturing equipment,
engineers might extract features like vibration frequency,
temperature, and usage patterns from sensor data to predict
equipment failures.



5. Natural Language Processing (NLP):

Text Mining: Extracting meaningful information from textual data
using techniques like sentiment analysis, topic modeling, and
named entity recognition.

Example: A social media company might use NLP to analyze user
posts and comments, identifying trends and sentiments about their
brand. This helps in understanding public perception and
addressing issues proactively.

Data Visualization:

6. Visual Analytics: Using graphical representations to explore and
understand data, making it easier to identify patterns, trends,
and outliers.

Example: A healthcare provider might use data visualization to

monitor patient outcomes across different treatments. By

visualizing data on recovery rates, treatment efficacy, and patient
demographics, they can optimize treatment protocols and improve
patient care.

Conclusion: Extracting meaning from data is a multifaceted process
that involves various approaches, each suited to different types of
data and analysis goals. Whether through descriptive analysis,
predictive modeling, or clustering, data science provides powerful
tools to transform raw data into valuable insights, driving better
decisions and outcomes across industries.



3.1.5 Crowdsourcing

Crowdsourcing is the process of obtaining work, information, or
opinions from a large group of people, typically via the Internet,
social media, or smartphone apps. It involves collecting services,
ideas, or content through the contributions of a dispersed group of
participants, which can range from volunteers to paid contributors.

Key points include:

Collection of Resources: Crowdsourcing leverages the collective
intelligence and skills of a large group of people to gather ideas,
services, or content.

Applications: It can be used for a wide range of tasks, including idea
generation, micro-tasks, design, research, and customer support.
Benefits: It allows organizations to cut costs, tap into new
expertise, and foster innovation by accessing a diverse pool of
talent and knowledge.

There are two kinds of crowdsourcing models:

Distributive Crowdsourcing:

Example: Wikipedia.
e Involves large-scale, simplistic contributions.
e Open to anyone to contribute with volunteer-based
regulation and quality control.

Singular, Focused Crowdsourcing:

Examples: Kaggle, DARPA, InnoCentive.
¢ Involves solving complex problems by skilled individuals.
e Offers cash prizes and community recognition.



Issues with Crowdsourcing:

e Evaluation Metrics: Often lack clear, objective criteria,
leading to distrust and high barriers to entry.

e Recognition: Only awarded post-success, leading to high sunk
costs.

e Organizational Factors: Poorly run competitions treat
participants as "mechanical turks" and set bad
questions/prizes.

e Task Size: Tasks may be too large or too small, making
participation unappealing.

Successful Crowdsourcing Traits:

e Interesting, feasible questions.

e Transparent, objective evaluation metrics.
e Clear problem statements and datasets.

e Pre-established prizes.

Historical Context:

e 1714: British Royal Navy's longitude prize, solved by John
Harrison.

e 2002: Fox's prize for the next pop solo artist, resulting in
American Idol.

e X-prize: Incentivized competitions, like the $10 million Ansari
X-prize, leading to significant investments from contestants.



3.1.6 Kaggle Model

Kaggle is a platform that turns data science into a competitive sport.
Companies pay Kaggle to host competitions where data scientists
worldwide compete to solve data problems. Participants are given a
training dataset and a test dataset with hidden values.

They use their models to predict the hidden values and submit their
predictions to Kaggle, which updates a leaderboard with their scores.
Competitions encourage iterative improvement through frequent
submissions, leading to a dynamic "leapfrogging" effect.

However, prolonged competitions can result in overly complex
models, as seen in the Netflix Prize competition.

The leapfrogging effect refers to the phenomenon where entities,
typically countries or companies, skip over intermediary stages of
development or technology to adopt more advanced solutions
directly. This allows them to bypass less efficient or outdated
technologies and move quickly to more innovative and effective ones.

Economic Leapfrogging: In developing economies, leapfrogging
enables countries to avoid older, less efficient technologies and adopt
newer, more efficient ones, often reducing costs and increasing
development speed. For example, many countries skipped landline
telephony and moved directly to mobile networks [3].

Technological Leapfrogging: In business, it describes a situation
where a company makes a significant jump in technology, bypassing
intermediate steps. This can provide a competitive edge by rapidly
advancing their capabilities and market position [4].

Innovation Leapfrogging: It involves making radical innovations that
go beyond the next logical incremental steps, often skipping entire
phases of development to achieve a higher level of advancement
quickly [5].
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Figure 7-1. Chris Mulligan, a student in Rachel’s class, created this
leapfrogging visualization to capture the competition in real time as it
progressed throughout the semester

Figure 7.1 in the provided document is a visualization of the progress
and competition dynamics in the Columbia Intro Data Science 2012
Kaggle Competition. Here’s a detailed explanation:

Competition Context: The graph shows the scores of 31 teams who
submitted 162 improvements over time during the semester.



Leapfrogging Visualization: The visualization captures the
"leapfrogging" effect, where teams continuously surpass each other.
This effect is evident as the lines on the graph overlap and ascend,
showing that different teams take turns holding the top position.

Score Tracking: The y-axis represents the score, which presumably
measures the performance of the models submitted by the teams.
Higher scores indicate better performance.

Submission Timeline: The x-axis represents the submission time,
showing how the teams' scores improved over the duration of the
competition, from October to December.

Team Identification: The legend on the right lists the teams and their
final scores, highlighting the competitive nature and frequent changes
in leadership as teams submitted new models.

Encouraging Participation: This type of visualization motivates
participants to improve their models continuously and provides a
transparent way to see how their efforts compare to others.

In summary, Fig 7.1 effectively demonstrates the competitive
dynamics and incremental progress of participants in a data science
competition, highlighting the benefits and challenges of the
leapfrogging effect in such contests.

Kaggle Customers

Companies work with Kaggle to bridge the gap between their data
analysis needs and the availability of skilled data scientists. Many firms
hoard data due to reluctance in sharing proprietary information,
posing a significant hurdle. Kaggle's innovation lies in persuading
these businesses to release their data for crowdsourced problem-
solving by thousands of data scientists globally. Successful outcomes
include All state's actuarial model improvement by 271%, and a
$1,000 prize competition yielding benefits worth $100,000.



When Facebook was recently hiring data scientists, they hosted a Kag-
gle competition, where the prize was an interview. There were 422
competitors. We think it’s convenient for Facebook to have interview-
ees for data science positions in such a posture of gratitude for the
mere interview. Cathy thinks this distracts data scientists from asking
hard questions about what the data policies are and the underlying
ethics of the company.

However, there are ethical concerns:

e Existing employees might be displaced if external solutions
outperform internal models.

e Competitors might feel exploited as they work for minimal
rewards, mainly benefiting for-profit companies.

e While Kaggle charges hosting fees and offers prizes, data
scientists can choose to participate or not.

This dynamic remains favorable for companies as long as data
scientists undervalue their skills and have spare time. Once they
realize their worth, participation for minimal rewards may decline
unless it's for a cause they believe in.

Kaggle’s Essay Scoring Competition

In @ Columbia class's final exam, students participated in an essay
grading contest similar to a Kaggle competition. They built, trained,
and tested an automatic essay scoring engine, working in groups. The
competition provided access to hand-scored essays to replicate scores
given by human graders.

The competition involved five essay sets, each generated from a single
prompt, with essays averaging 150 to 550 words. Some essays
required source information, while others did not. Written by
students in grades 7 to 10, all essays were double-scored by human



graders. The dataset tested the scoring engine's capabilities with the
following columns:

e id: Unique identifier for each essay set

e 1-5: Essay set identifier

e essay: ASCII text of the student's response

e raterl: Grade from the first rater

e rater2: Grade from the second rater

e grade: Resolved score between the two raters

Domain Expertise Versus Machine Learning Algorithms

The debate between domain expertise and machine learning is a false
dichotomy; both are needed to solve data science problems.
However, Kaggle’s president Jeremy Howard stirred controversy
among domain experts in a December 2012 New Scientist interview
by asserting that traditional specialist knowledge is not only useless
but also unhelpful.

Key points from the interview:

Information Quality: Successful Kaggle participants excel by
effectively deciding what information to extract from data and feeding
it to algorithms. They are curious and creative, generating many new
ways to approach problems.

Algorithmic Advantage: Algorithms like random forests can process
numerous ideas to determine what works best, differing from
traditional predictive modeling.

Expert Knowledge Critique: Howard criticized the old scientific
approach, where specialists spend excessive time validating ideas and
visualizations, which he deemed counterproductive.



Role of Experts: Experts are necessary initially to identify the problem
and strategic questions.

Black-Box Approach: Despite concerns, Howard argued that data-
driven, black-box models effectively highlight important factors and
provide reliable predictive models without needing deep problem
understanding.



3.1.7 What are Features in Data Set?

Features in a dataset are individual measurable properties or
characteristics of a phenomenon being observed. In the context of
machine learning and data science, features are used as input
variables to models. They represent the data points that help in
predicting outcomes or understanding patterns within the dataset.

Key points about features:

Definition: A feature is an individual measurable property or
characteristic of a phenomenon being observed .

Role in Datasets: Features define the internal structure of a dataset
and specify the underlying serialization format .

Examples: Common examples include variables like height, weight,
temperature, and volume .

Importance: Features are crucial in building predictive models
because they represent the data that algorithms analyze to learn
patterns and make predictions [1]

Features Examples

Label
Position | Experience Skill Country City Salary (S)
Developer 0 1|USA New York 103100
Developer 1 1/USA New York 1045900
Developer 2 1/USA New York 106800
Developer 3 1|USA New York 108700
Developer 4 1|USA New York 110400
Developer 5 1|USA New York 112300
Developer 6 1|USA New York 114200
Developer 7 1/USA New York 116100
Developer 8 1/USA New York 117800
Developer 9 1|/USA New York 119700
Developer 10 1|USA New York 121600




3.1.7.1 Feature Selection

Feature Selection: Explanation and Examples

Feature selection is a crucial step in the process of building effective predictive
models in data science and machine learning. It involves identifying and
selecting a subset of relevant features (or variables) from the total available data
to be used in model building. This step is essential to improve model
performance, reduce overfitting, and enhance the interpretability of the model.

Why Feature Selection is Important
e Reducing Overfitting: By removing irrelevant or redundant features, the
model becomes less complex and generalizes better to new data.
e Improving Performance: Fewer features mean less computational power
is required, leading to faster model training and prediction.
e Enhanced Interpretability: Models with fewer features are easier to
understand and interpret.

Methods/Techniques for Feature Selection

Feature selection is a crucial step in the machine learning process, where a subset
of relevant features is chosen to enhance the model's performance. Here are some
examples and techniques:

1. Filter Methods:

o These methods evaluate the relevance of each feature
independently of the learning algorithm.

o Example: Using the Pearson correlation coefficient to remove
features that have low correlation with the target variable [3].

2. Wrapper Methods:

o These methods use a predictive model to evaluate combinations of
features and select the best subset.

o Example: Recursive Feature Elimination (RFE), which recursively
removes the least important features based on the model's
performance [2].

3. Embedded Methods:

o These methods perform feature selection during the model training
process.

o Example: LASSO (Least Absolute Shrinkage and Selection
Operator) regression, which adds a penalty equal to the absolute


https://www.geeksforgeeks.org/feature-selection-techniques-in-machine-learning/
https://www.analyticsvidhya.com/blog/2020/10/feature-selection-techniques-in-machine-learning/

value of the magnitude of coefficients, effectively shrinking some
coefficients to zero and selecting features [5].
4. Hybrid Methods:
o These methods combine both filter and wrapper methods to
leverage the advantages of both.
o Example: Using a filter method to initially reduce the number of
features, followed by a wrapper method to fine-tune the selection

[6].

Feature selection helps in reducing overfitting, improving model performance,
and decreasing training time by eliminating irrelevant or redundant data [4].

Example: Chasing Dragons App

Imagine you have developed an app called "Chasing Dragons," where users pay
a monthly subscription fee. Your goal is to predict whether a new user will return
after the first month based on their initial month’s behavior. This prediction can
help in user retention strategies.

figure 7-2. Chasing Dragons, the app designed by you
Here’s how you might approach feature selection for this problem:
Data Collection: Record every user action with timestamps during their first 30
days.
Feature Generation: Brainstorm possible features that might influence user
retention.
For example:

e Number of days the user visited in the first month.

e Time until the second visit.

e Points scored each day (30 separate features).

e Total points in the first month.

e Whether the user filled out their profile (binary feature).

e User demographics such as age and gender.

e Device characteristics like screen size.


https://www.analyticsvidhya.com/blog/2016/12/introduction-to-feature-selection-methods-with-an-example-or-how-to-select-the-right-variables/
https://www.simplilearn.com/tutorials/machine-learning-tutorial/feature-selection-in-machine-learning
https://www.javatpoint.com/feature-selection-techniques-in-machine-learning

3.1.7.2 Applying Feature Selection: Given the Chasing Dragons
example:

Initial Model: Start with a logistic regression model using all generated features
to predict if a user returns in the subsequent month.
One can use logistic regression for predicting if a user will return to play Chasing
Dragons next month. You could choose a different timeframe, like a week or
two months; the exact period doesn't matter right now. The goal is to get a
working model first, then refine it.
Your logistic regression model should look like this:

logit(P(ec; = 1|=z;)) = @ + B - x;
Should you use all the features you created in one logistic regression model? You
can, but it might not be the best approach for scaling up or getting the best
predictive performance. Let's discuss how to refine your feature list for better
results.
Will found a helpful paper by Isabelle Guyon from 2003 called "An
Introduction to Variable and Feature Selection." The paper focuses on
building and selecting useful feature subsets for making good predictions, rather
than ranking all potentially relevant features. It covers three types of feature

selection methods: filters, wrappers, and embedded methods. Keep this in mind
as you work on the Chasing Dragons prediction model.

1. logit(P(c_i = 1] x_i)): The "logit" function transforms the probability P(¢; = 1|z;) into a

continuous value that can range from —00 to +0c¢. It is defined as:

logit(P) = In (%)

Here, P(c; = 1|z;) is the probability that the binary outcome ¢; is 1 given the predictor ; .

2. P(c_i = 1] x_i): This denotes the probability that the outcome ¢; equals 1 (e.g., success, yes)

given the predictor x;.

3. a(alpha): This is the intercept term in the logistic regression equation. It represents the log-

odds of the outcome when all predictors ; are zero.

4. B (beta): This is the coefficient that measures the change in the log-odds of the outcome for a

one-unit increase in the predictor z; .

5. x_i: This represents the value of the predictor variable for the i-th observation.



Refine Features: Apply filter methods to remove highly correlated or irrelevant
features. Use wrapper methods to iteratively select the best performing subset
of features.

Final Model: Implement an embedded method if necessary, such as Lasso
regression, to fine-tune the selection further.

This iterative process of feature generation, selection, and model refinement
ensures that you build a highly predictive and efficient model.

The concept of feature selection is well demonstrated through the example of
the "Chasing Dragons" app, highlighting its practical application in improving
predictive models in real-world scenarios.

3.1.7.3 Feature Selection Methods:

1. Filters: Use statistical methods to assess the relevance of each
feature independently of the model. For example, you might use
correlation coefficients to identify highly correlated features.

2. Wrappers: Evaluate subsets of features by training models and
selecting the subset that performs best according to a chosen
metric (e.g., accuracy, AUC).

3. Embedded Methods: Perform feature selection as part of the
model training process. For example, regularization methods like
Lasso (L1 regularization) can shrink some feature coefficients to
zero, effectively performing feature selection.

3.1.7.4 Selecting an algorithm:
Let's talk about stepwise regression, a technique used to pick features
for a model. It adds or removes features based on certain rules. There

are three main methods:

1. Forward Selection: You start with no features in your model and
add them one by one. Each time, you pick the feature that improves



the model the most. You stop adding features when adding more
features no longer improves the model.

. Backward Elimination: You start with all features in your model and
remove them one by one. Each time, you remove the feature that
improves the model the most by its removal. You stop removing
features when taking out more features no longer improves the
model.

. Combined Approach: You use a mix of adding and removing
features. You might start with the best feature, add a few more,
then remove the least useful ones, and repeat. This way, you aim
to balance having relevant features without too much redundancy.

Selection criterion

As a data scientist, you have several ways to choose the best model. Here are a
few common criteria:

1. R-squared: Measures how well the model explains the variability of the data.

The higher the R-squared, the better.

The formula for R-squared (Rz), also known as the coefficient of determination, is:

; S ()2
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Where:

* y; are the observed values
* y; are the predicted values from the regression model
* 4 is the mean of the observed values

This formula represents the proportion of the variance in the dependent
variable that is predictable from the independent variables.



2. P-values: Used in regression to determine the significance of each
coefficient. A low p-value indicates that the coefficient is likely not zero,
meaning it's significant.

In regression analysis, the p-value is used to determine the significance of the
coefficients. The formula for the p-value involves several steps:

1. Calculate the test statistic (t-value):

po P

SE(8:)

where [3; is the estimated coefficient and SE(ﬁ.!-} is the standard error of the coefficient.

2. Determine the degrees of freedom (df):
df =n k1

where n is the number of observations and k is the number of predictors.

3. Use the t-distribution to find the p-value:

* For a two-tailed test:
p-value =2 P(T > |t|)
* For a one-tailed test:

p-value = P(T > t)

or

p-value = P(T < t)
The p-value is the probability that the observed data would occur if the null hypothesis were true.

T represents the test statistic derived from your sample data, using a specific formula, which
follows a specific probability distribution (such as the t-distribution in the case of small sample
sizes). t is the observed value of the test statistic computed from the sample data.

3. AIC (Akaike Information Criterion) : Calculated as 2k-2In(L), where k k is the
number of parameters and L is the likelihood. Lower AIC values indicate a
better model.



4. BIC (Bayesian Information Criterion) : Calculated as kin(n)-2In(L), where k
is the number of parameters, n is the number of observations, and L is the
likelihood. Lower BIC values indicate a better model.

5. Entropy: Measures the randomness or unpredictability in the data. Lower
entropy values generally indicate a better model.

In information theory, the entropy (H) of a discrete random variable X with possible values

{21, 22, ..., 2, } and probability mass function P(X) is defined as:
H(X) = 3., P(x:) log P(z:)
Where:

e P(x;) is the probability of the i-th value of X



3.2 Embedded Methods : Decision Trees

3.2.1 Decision trees are intuitive tools that help simplify complex decisions by
breaking them down into a series of simpler questions or conditions. They are
not only useful for everyday decision-making but also serve as powerful
classification algorithms in data science and machine learning.

In the context of data problems, decision trees aim to classify instances (e.g.,
users) into predefined classes (e.g., returning or not returning) based on various
features or attributes (e.g., age, game time). The tree structure visually
represents the sequence of decisions or conditions that lead to the final
classification.

The construction of decision trees from data and their mathematical properties
are studied extensively in machine learning. Techniques like information gain,
entropy, and pruning are used to build efficient and accurate decision trees
from training data.

| IsThereAParty? I

=No =Yes
v v
[ Deadline? ] [ I’a_rty ]
=Near =No =Urgent

=No =Yes
v v
| Study | | v I

Figure 7-3. Decision tree for college student, aka the party tree (taken
with permission from Stephen Marsland’s book, Machine Learning:
An Algorithmic Perspective [Chapman and Hall/CRC])

This figure represents a decision tree, often called the "party tree," that depicts
the decision-making process of a college student deciding how to spend their
time. The tree starts with the root node asking, "Is there a party?" If the answer



is "Yes," the outcome is to attend the "Party." If the answer is "No," the next
node asks, "Deadline?"

If there is a "Near" deadline, it further checks if the student is feeling "Lazy." If
not lazy, the outcome is to "Study." If lazy, the student opts to go to the "Pub."
If there is no deadline ("No" branch from "Deadline?" node), the next node
checks if the deadline is "Urgent." If urgent, the student will "Study." If not
urgent, the student will either "Study" or watch "TV," depending on whether
they are feeling lazy or not.

The decision tree provides a visual representation of the various factors and
conditions influencing the student's decision, such as the presence of a party,
deadlines, urgency, and the student's level of laziness, ultimately leading to
different outcomes like studying, attending a party, going to the pub, or
watching TV.

3.2.1.1 What is Decision Tree?

A decision tree is a machine learning algorithm used for predictive modeling
and decision-making. It represents a series of decisions or conditions in a tree-
like structure, where each internal node represents a feature or attribute, each
branch represents a decision rule, and each leaf node represents a prediction or
decision outcome. [3]

The main components of a decision tree are:

1. Root Node: The topmost node in the tree, representing the initial
decision or condition.

2. Internal Nodes: Nodes that represent features or attributes used for
splitting the data.

3. Branches: Edges connecting nodes, representing the possible outcomes
or values of the parent node.

4. Leaf Nodes: Terminal nodes that represent the final prediction or
decision outcome.

An example of a decision tree is the "party tree" for a college student deciding
how to spend their time based on factors like the presence of a party, deadlines,
urgency, and laziness. The root node asks, "Is there a party?" and subsequent
internal nodes check for deadlines, urgency, and laziness, leading to leaf nodes
like "Party,” "Study,"” "Pub," or "TV."


https://www.geeksforgeeks.org/decision-tree/

Another Example :

resembles something like Figure 7-4.

In the context of a data problem, a decision tree is a
classification algorithm. For the Chasing Dragons example, you aim to classify
users as either “Yes, going to come back next month” or “No, not going to come
back next month.” Despite the term "decision" in its name, it's not a decision in
the usual sense. The classification of each user depends on various factors such
as the number of dragons they slew, their age, and how many hours they have
already played the game. You need to analyze the data you’ve collected to make
these classifications. But how do you build decision trees from this data, and what
mathematical properties do these trees have? Ultimately, you want a tree that

Did user fill out

v

v

Prediction: User
will come back

Prediction: User
will not come back

Figure 7-4.

Decision tree for Chasing Dragons

their profile?
Yes No
e
?
than 10 dragons? o]

Yes No Yes No
Prediction: User [::1;5:;'8";:5? Prediction: User Prediction: User
will come back to join? will come back will not come back

Yes No




3.2.1.2 Entropy

Entropy is a concept borrowed from information theory, which measures the
amount of uncertainty or disorder in a system. In the context of decision trees and
machine learning, entropy helps quantify how mixed or impure a set of data is.

Mathematically, entropy H(X) for a random variable X with two possible
outcomes (e.g., X=0 or X=1) is defined as:

H(X) = —p(X=1)*logzp(X=1) — p(X=0)*log.p(X=0)
Where:

o p(X=1) is the probability of X being 1.
o p(X=0) is the probability of X being 0.

Key properties of entropy:

« Entropy is zero when an outcome is certain. For example, if p(X=1)=1
or p(X=0)=1, the entropy is 0, indicating no uncertainty.

. Entropy is maximized when the outcomes are equally likely. When
p(X=1)=p(X=0)=0.5, the entropy is at its maximum, which is 1 bit. This
represents maximum uncertainty or disorder.

Figure 7-5 shows a picture of that.

A
1.0

H(X)

Pr(X=1)

Figure 7-5. Entropy



In simpler terms, entropy measures how unpredictable or "mixed up" the
outcomes are. For instance:

« High entropy: If a baby is equally likely to be a boy or a girl (p(X=1)~=0.5,
the system has high entropy.

« Low entropy: In a desert where it rarely rains, the probability of rain is very
low (p(X=1)=0, so the system has low entropy.

3.2.1.3 Information Gain

Information Gain (IG) is used to determine which attribute in a dataset provides
the most information about the target variable. It helps in building decision trees
by indicating which feature to split on.

Information Gain for a given attribute a, denoted as 1G(X,a), is calculated as:
IG(X,a)=H(X)-H(Xla)

Where:

« H(X) is the entropy of the target variable X.
. H(X]a) is the conditional entropy of X given the attribute a.

To compute H(X|a):

¢ Calculate the conditional entropy for each possible value a; of attribute a:
H(Xl|a=aj)=—p(X=1la=a;)log.p(X=1la=a;)—p(X=0la=a;)log.p(X=0la=a;)

e Aggregate these conditional entropies weighted by the probability of each a;:

H(Xla)=> ap(a=ai)-H(Xla=a;)

In words, conditional entropy measures the uncertainty in X after knowing the
value of a. Information Gain then quantifies the reduction in entropy
(uncertainty) when we know the value of attribute a.



3.2.1.4 Generic Decision Tree Algorithm

wnp =

No ok

Start: Begin with the entire dataset.

Calculate Entropy: Compute the entropy for the target attribute.
Compute Information Gain: For each attribute, compute the
information gain.

Select Attribute: Choose the attribute with the highest information gain.
Split Data: Divide the dataset based on the chosen attribute.

Recurse: Repeat the process for each subset.

Stop: Stop when all instances in a subset belong to the same class or
when there are no more attributes to split.

Prune: Optionally, prune the tree to prevent overfitting.

3.2.1.5 Decision Tree Algorithm (ID3) Step-by-Step Using Entropy
and Information Gain

The 1D3 algorithm builds a decision tree by selecting attributes that maximize
information gain. Here's a step-by-step guide:

1. Calculate Entropy for the Target Attribute

Entropy measures the impurity or disorder of the dataset.
Formula:

H(S)= ) pilog,p,
i=1

where pi is the probability of class i in the dataset S.

2. Calculate Entropy for Each Attribute

For each attribute, calculate the entropy for each possible value.
For a given attribute A with values {al,a2,...,ak}

where Sj is the subset of S where attribute A has value aj.



3. Calculate Information Gain for Each Attribute

« Information Gain measures the reduction in entropy when an attribute
is used to split the dataset.

« Formula: IG(S,A)=H(S)-H(S|A)
4. Choose the Attribute with the Highest Information Gain

o Select the attribute A with the highest information gain to make the
split.

5. Split the Dataset

« Divide the dataset S into subsets Sj based on the chosen attribute A's
values {al,a2,...,ak}.

6. Repeat for Each Subset
For each subset Sj, repeat the process:

1. If Sjis pure (all instances belong to the same class), make it a leaf node.

2. If Sj is empty, assign the majority class of S.

3. Otherwise, remove the chosen attribute from the list of attributes and go
back to Step 1 with §;j.

7. Prune the Tree (Optional)

« To avoid overfitting, you can prune the tree by removing branches that
have little importance. This is usually done by setting a maximum depth
or by using cross-validation.



Example : Consider a Simple Data Set as follows:

Day|Weather|Temperature PlayTennis
1 |Sunny |Hot No
2 |(Sunny |Mild Yes
3 |Overcast||Hot Yes
4 |Rain Mild Yes
5 |Rain Cool No

Steps of the ID3 Algorithm

1. Calculate the Entropy for the Target Attribute (PlayTennis)

First, calculate the entropy of the target attribute "PlayTennis":

H(S) = —p(Yes)log, p(Yes) — p(No) log, p(No)

In our dataset, there are 3 "Yes" and 2 "No™:

3 2
Yes) ==, p(No)==

3 3 2 2
H(S) = (5 log, 5) (5 log, 5)

H(S) ~ —0.442 — 0.528 = 0.971

2. Calculate the Entropy for Each Attribute

Next, calculate the entropy for each attribute to see how it affects the target
attribute "PlayTennis".



Entropy of "Weather"

Weather: Sunny

1 1
p(Yes) = 5 p(No) = 5

1 1 1 1
H(Sunny) = (5 log, E) (5 log, 5)

H(Sunny) =1

Weather: Overcast

p(Yes) =1, p(No)=0

H(Owvercast) = —1log, 1 =10

Weather: Rain

1 1
Y = — N = —
p(Yes) 5 p(No) 5

. 1 1 1 1
H(Rain) = (§ log, 5) (5 log, 5

H(Rain) =1




Total Entropy for "Weather"

H(S|Weather) = %H(Sunny) } %H(Overcast} } %H(Rain)

H(S|Weather) = g(l) } é(O) 1 g(l)

H(S|Weather) =0.4+0+ 0.4 =0.8

3. Calculate Information Gain for ""Weather"

IG(S,Weather)=H(S)—H(SIWeather)IG(S, Weather) = H(S) - H(S|Weather)

IG(S,Weather) = H(S) — H(S|Weather)

IG(S,Weather) = 0.971 — 0.8 = 0.171

Entropy of "Temperature"

Temperature: Hot

1 1
Yes) = —, No) = ~
p(Yes) = 5, p(No) =3

1 1 1 1
H(Hot) = (5 log, 5) (5 log, 5)

H(Hot) = 1

Temperature: Mild

p(Yes) =1, p(No)=0

H(Mild) = ~1log, 1 =10




Temperature: Cool

p(Yes) =0, p(No)=1

H(Cool) = ~1log,1 =0

Total Entropy for "Temperature"

H(S|Temperature) = %H(Hot) | %H(Mﬂd) i éH(Coo!)

H(S|Temperature) = %(1) F=(0) + =(0)

H(S|Temperature) =04+ 0+0=104

4. Calculate Information Gain for "Temperature"

IG(S,Temperature) = H(S) — H(S|Temperature)

IG(S, Temperature) = 0.971 — 0.4 = 0.571

5. Select Attribute with Highest Information Gain

Comparing the information gains:

« IG(S,Weather)=0.171
« IG(S,Temperature) = 0.571

We choose "Temperature" since it has the highest information gain.



6. Split the Dataset Based on ""Temperature*
We split the data into subsets where "Temperature™ is Hot, Mild, and Cool.
e ForHot: {1, 3}

e For Mild: {2, 4}
e For Cool: {5}

7. Repeat for Each Subset

For each subset, repeat steps 1-5 until all points are in the same class or there are no features
left.

« For Hot: {1, 3}
o Both entries are different ("No" and "Yes"), but no further attributes to split.
o So, we take the majority vote: "Yes".

e For Mild: {2, 4}
o Both entries are "Yes".

e For Cool: {5}

o Theentryis"No".
Final Decision Tree

The resulting decision tree will look like this:
Temperature

/ 1\
Hot Mild Cool
/1 \

Yes Yes No

In this simple example, "Temperature" was chosen first due to its highest
information gain. Further splits are made within subsets until pure classes are
achieved or no further splitting is possible.



3.2.2 Handling Continuous Variables in Decision Trees

Handling continuous variables in decision trees involves determining how to best
partition the continuous range of values into discrete intervals that the decision
tree can use to make decisions. Here’s a detailed explanation based on the
provided discussion:

Using Packages that Implement Decision Trees

Many existing decision tree algorithms and packages, such as those in scikit-
learn or other machine learning libraries, have built-in methods to handle
continuous variables. These algorithms automatically determine optimal
thresholds for converting continuous variables into binary splits. Users can
provide continuous features directly to these algorithms, which handle the
threshold determination internally.

Building a Decision Tree Algorithm Yourself

When constructing a decision tree from scratch, handling continuous variables
requires a more manual approach. Here's a step-by-step breakdown of how to
handle continuous variables in this scenario:

1. Determine the Optimal Threshold:

o For each continuous variable, you need to determine an optimal
threshold value to split the data.

o This involves trying different possible threshold values and
calculating a metric like information gain or Gini impurity for each
possible split.

o The goalis to find the threshold that maximizes the information
gain or minimizes the impurity.

2. Binary Partitioning:

o Once an optimal threshold is determined, the continuous variable
is partitioned into two groups: those less than the threshold and
those greater than or equal to the threshold.

o This effectively turns the continuous variable into a binary variable
for that particular split.

3. Calculating Information Gain:

o Information gain is calculated based on the reduction in entropy
or impurity before and after the split.

o The calculation considers both the threshold and the feature,

making it more complex than splitting a categorical variable.
4. Threshold as a Submodel:



o The decision of where the threshold should be placed can be seen
as a submodel within the decision tree algorithm.

o Itinvolves optimization, where the best threshold is found by
maximizing the entropy reduction (or other criteria) for each
feature.

5. Creating Bins:

o In some cases, instead of finding a single threshold, you might
create bins or intervals for the continuous variable.

o Binning involves dividing the continuous range into multiple
discrete intervals, each acting as a separate category.

o This can simplify the decision tree but may lose some granularity
of the data.

Considerations and Best Practices

« The approach to handling continuous variables can significantly affect
the performance and accuracy of the decision tree.

o The optimal method can vary depending on the specific dataset and
problem context.

« Continuous features provide flexibility but require careful consideration
to determine the best way to partition them.

Example: Number of Dragon Slays

« Suppose a feature represents the number of dragon slays by a user.

o A possible threshold could be "less than 10" and "at least 10."

« By testing different thresholds (e.g., 5, 10, 15), you can determine which
split maximizes the information gain.

o Once the best threshold is found, it splits the continuous feature into a
binary form for that decision node.

In summary, handling continuous variables in decision trees involves finding
the best way to split the continuous range into discrete intervals that maximize
the decision tree's ability to make accurate predictions. This process can be
complex and requires careful optimization to determine the best thresholds or
bins.



3.2.3 R Packages

1. rpart

o

2. party

rpart is a popular package for recursive partitioning for
classification, regression, and survival trees. It can handle
continuous variables and determine optimal split points
automatically.

Example:

library(rpart)

model <- rpart(Species ~ ., data = iris, method = "class")

The party package provides an implementation of conditional
inference trees, which can handle continuous variables effectively.
Example:

library(party)
model <- ctree(Species ~ ., data = iris)

3. randomForest

o

4. caret

o

5. tree

Although primarily used for random forests, the randomForest
package can handle continuous variables within decision trees used
in the forest.

Example:

library(randomForest)

model <- randomForest(Species ~ ., data = iris)

The caret package is a comprehensive package for training and
tuning machine learning models, including decision trees that
handle continuous variables.

Example:

library(caret)

model <- train(Species ~ ., data = iris, method = "rpart™)

The tree package fits classification and regression trees, capable of
handling continuous variables.

Example:

library(tree)

model <- tree(Species ~ ., data = iris)



3.2.4 Python Packages

1. scikit-learn

o

scikit-learn is a widely-used machine learning library that
includes decision trees capable of handling continuous variables.
The DecisionTreeClassifier and
DecisionTreeRegressor classes can automatically
determine optimal split points.

Example:

from sklearn.tree import
DecisionTreeClassifier

model = DecisionTreeClassifier ()
model.fit (X, V)

2. XGBoost

o

XGBoost is an efficient and scalable implementation of gradient
boosting that handles continuous variables well. It can be used for
both classification and regression.

Example:

import xgboost as xgb

model = xgb.XGBClassifier()

model.fit (X, V)

3. LightGBM

@)

LightGBM is another gradient boosting framework that handles
continuous variables effectively and is known for its speed and
efficiency.

Example:

import lightgbm as 1lgb
model = lgb.LGBMClassifier ()
model.fit (X, vy)

4. CatBoost

o

CatBoost is a gradient boosting library that handles categorical
and continuous variables efficiently, often requiring less
preprocessing.

Example:
from catboost import CatBoostClassifier
model = CatBoostClassifier ()

model.fit (X, v)



5. statsmodels
o Although not specifically for decision trees, statsmodels can
be useful for statistical analysis and preprocessing of continuous
variables before using them in decision tree models.
o Example:
import statsmodels.api as sm
model = sm.OLS(y, X).fit()

3.2.5 Random Forests Explained Simply

Random forests are an advanced version of decision trees, using a method

called bagging (or bootstrap aggregating) to improve accuracy and robustness at
the expense of interpretability.

Key Points:

« Bagging: This technique creates multiple subsets of your data by
sampling with replacement. Each subset is used to train a different tree.
This helps to reduce variance and avoid overfitting.

» Hyperparameters: Random forests are simple to set up with two main
hyperparameters:

1. Number of trees (N): How many trees to include in the forest.
2. Number of features (F): How many features to randomly select at
each splitin a tree.

Bootstrapping:

o Abootstrap sample involves randomly selecting data points with
replacement, often using 80% of the dataset.

o This introduces a third hyperparameter, the sample size, but it's usually
kept constant.

Algorithm Steps:

1. Create a Bootstrap Sample: For each tree, create a bootstrap sample
from your data.

2. Feature Selection: For each node in the tree, randomly select F features
from the total available features (e.g., 5 out of 100).

3. Split Decision: Use criteria like information gain or entropy to decide
how to split the data at each node.



Tree Depth:

« You can set a maximum depth for the trees or prune them later, but
typically trees in a random forest are not pruned to allow them to
capture more detailed patterns and noise in the data.

Code Example (R):

Here’s an example of how to build and use models including random forests in
R:

# Load the diamonds data from ggplot2
require(ggplot2)
data(diamonds)
head(diamonds)

# Plot a histogram with a line marking $12,000
ggplot(diamonds) + geom_histogram(aes(x=price)) +
geom_vline(xintercept=12000)

# Create a binary variable for expensive diamonds
diamonds$Expensive <- ifelse(diamonds$price >= 12000, 1, 0)
head(diamonds)

# Remove the price column
diamonds$price <- NULL

# glmnet for logistic regression

require(glmnet)

X <- model.matrix(~., diamonds|[, -ncol(diamonds)])

y <- as.matrix(diamonds$Expensive)

system.time(modGImnet <- glmnet(x=x, y=y, family="binomial™))
plot(modGlmnet, label=TRUE)

# Decision tree

require(rpart)

modTree <- rpart(Expensive ~ ., data=diamonds)
plot(modTree)

text(modTree)

# Bagging (bootstrap aggregating)
require(boot)
mean(diamonds$carat)



sd(diamonds$carat)

boot.mean <- function(x, i) { mean(x[i]) }
boot(data=diamonds$carat, statistic=boot.mean, R=120)
require(adabag)

modBag <- bagging(formula=Species ~ ., iris, mfinal=10)

# Boosting

require(mboost)

system.time(modglmBoost <- glmboost(as.factor(Expensive) ~ .,
data=diamonds, family=Binomial(link="logit")))
summary(modgimBoost)

# Random forests

require(randomForest)

system.time(modForest <- randomForest(Species ~ ., data=iris,
importance=TRUE, proximity=TRUE))

3.2.5.1 What is Random Forest?

Random Forest is an ensemble learning method primarily used for classification
and regression tasks. It combines multiple decision trees to produce a more
accurate and stable prediction. The key concept behind random forests is to create
a 'forest' of decision trees, where each tree is trained on a random subset of the
data and features. The final prediction is made by aggregating the predictions

from all individual trees.

Key Components of Random Forest:

1. Decision Trees:

@)

o

The basic building block of a random forest is the decision tree.

Each tree is a simple model that splits data into different branches

based on feature values to make predictions.

2. Bootstrap Aggregating (Bagging):

o

o

Random forests use a technique called bagging to create multiple

subsets of the original dataset.

Each subset is created by randomly sampling the data with
replacement.

This means some data points may appear multiple times in one
subset and not at all in another.

3. Random Feature Selection:

o

At each split in the decision tree, a random subset of features is
selected from the total features.



o This process helps to reduce the correlation between trees and

leads to more diverse models.
4. Ensemble Method:

o Random forests aggregate the predictions of multiple decision
trees.

o For classification, the final prediction is usually determined by
majority voting among the trees.

o For regression, the final prediction is typically the average of the
predictions from all the trees.

3.2.5.2 Advantages of Random Forest:

« Improved Accuracy: By combining multiple trees, random forests
generally achieve better performance and accuracy compared to
individual decision trees.

« Robustness: They are less prone to overfitting due to the averaging of
multiple models.

« Versatility: Random forests can handle both classification and regression
tasks.

« Feature Importance: They can provide estimates of feature importance,
helping to identify which features contribute most to the prediction.

Disadvantages of Random Forest:

o Complexity: The model is more complex and harder to interpret
compared to a single decision tree.

« Computationally Intensive: Training multiple trees and aggregating their
predictions can be computationally expensive and time-consuming.



Example of Random Forest in Python using scikit-learn:

from sklearn.datasets import load iris

from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy score

# Load the iris dataset
data = load iris()

X = data.data

y = data.target

# Split the dataset into training and testing sets
X train, X test, y train, y test = train test split(X, y, test size=0.2,
random state=42)

# Create and train the random forest classifier
model = RandomForestClassifier(n estimators=100, random state=42)
model.fit (X train, y train)

# Make predictions on the test set
y_pred = model.predict (X test)

# Calculate the accuracy
accuracy = accuracy score(y test, y pred)
print (f"Accuracy: {accuracy:.2f}")

Example of Random Forest in R using randomForest package:

# Load the necessary library
library (randomForest)

# Load the iris dataset
data(iris)

# Split the dataset into training and testing sets
set.seed(42)

train indices <- sample(l:nrow(iris), size = 0.8 * nrow(iris))
train data <- iris[train indices, ]

test data <- iris[-train indices, ]

# Create and train the random forest classifier
model <- randomForest (Species ~ ., data = train data, ntree = 100)

# Make predictions on the test set
predictions <- predict (model, test data)

# Calculate the accuracy
accuracy <- sum(predictions == test data$Species) / nrow(test data)
print (paste ("Accuracy:", round(accuracy, 2)))

Random forests enhance the predictive power of decision trees by combining multiple trees
trained on random subsets of the data and features. This ensemble approach results in more
accurate, robust, and versatile models, making random forests a popular choice in machine
learning tasks.



Random Forest Algorithm

1. Input:
o Training Dataset: A dataset with NNN samples and MMM
features.
o Number of Trees (T): Number of decision trees to include in the
forest.
o Number of Features (F): Number of features to consider for
splitting at each node.
2. Foreach Treetttin TTT:
o Bootstrap Sampling:
= Create a bootstrap sample of the training dataset by
randomly sampling NNN examples with replacement.
o Feature Selection:

= Randomly select FFF features from the total MMM features.
o Tree Construction:

= Build a decision tree using the bootstrap sample and the
selected features:
= Initialize the tree with a root node.
= Recursively split nodes based on the best feature and
threshold:
= Compute the best feature and threshold based
on a splitting criterion (e.g., information gain,
Gini impurity).
= Split the node into left and right child nodes.
= Repeat the splitting process until a stopping
criterion is met (e.g., maximum depth,

minimum samples per leaf).
3. Ensemble Learning:

o Aggregate Predictions:
= For classification tasks, use majority voting among all trees
to predict the class label.

= For regression tasks, use averaging of predictions from all
trees to predict the continuous value.
4. Output:
o Random Forest Model: A collection of TTT decision trees trained
on different bootstrap samples and subsets of features.



Advantages

Robustness: Handles noisy data and reduces variance compared to
individual decision trees.

Interpretability: Provides insights into feature importance based on how
often they are selected for splitting.

Versatility: Effective for both classification and regression tasks across
various domains.

3.2.6 User Retention: Interpretability Versus Predictive Power

The balance between interpretability and predictive power is important in user
retention using decision trees. The key points are discussed below:

1.

Interpretability vs. Predictive Power: Decision trees can predict user
behavior effectively, but interpreting them for actionable insights can be
challenging. For example, a straightforward insight like "more user
engagement leads to higher retention™ may not offer actionable strategies.
Insightful Interpretation: A more insightful interpretation could reveal
specific actions that affect user behavior, such as avoiding showing ads in
the initial minutes of app usage. This kind of insight can guide strategies
to enhance user retention.

Causal vs. Correlation Understanding: There's a distinction between
user behavior (e.g., frequency of app usage) and platform actions (e.g.,
displaying ads). Understanding causation versus correlation is crucial; for
instance, high user engagement correlates with higher retention but
doesn't necessarily cause it.

Feature Selection and Testing: Initial modeling and feature selection
help prioritize A/B testing efforts. It's essential to test hypotheses derived
from the model to validate actionable insights and refine strategies.
Practical Implementation: Focus on features that are actionable (e.g.,
optimizing ad display timings) rather than those influenced by
confounding factors like user interest. This approach ensures that
strategies are grounded in actionable insights derived from the data.

In summary, it is crucial to strike a balance between model interpretability and
predictive accuracy to gain actionable insights that enhance user retention
strategies on digital platforms.



3.2.7 David Huffaker: Google’s Hybrid Approach to Social
Research

1. Google's Approach to Research and Development:

o Google integrates research with product development, emphasizing
iterative work and early deployment of near-production code [8].

o Researchers collaborate closely with product teams to deploy
experiments at scale and conduct iterative testing with smaller user
groups.

Moving from Descriptive to Predictive Analysis:

o David advocates transitioning from descriptive data analysis to
experimental designs that establish causal relationships [8].

o Example: Introduction of Google+'s "circle of friends" feature involved
mixed-method approaches to understand user motivations for selective
sharing.

3. Insights from Mixed-Methods Research:
o Google employed both qualitative (interviews, surveys) and
quantitative (data analysis from 100,000 users) methods to study user
behavior and preferences .
o Key findings included user preferences for privacy, relevance, and
distribution when sharing content.
4. Social Layer Integration Across Google Products:
o Google integrates social elements into various products like Search,
incorporating social annotations based on user preferences and domain
expertise .
5. Privacy Concerns and User Engagement:
o Privacy concerns significantly impact user engagement, highlighting
the importance of clear information and control over shared data .
o Users are wary of identity theft, unwanted spam, and privacy breaches
affecting both digital and physical realms. The survey identified major

concerns among users, categorized as:
1. Identity theft
o Financial loss
2. Digital world
Access to personal data
Privacy regarding searched content
Risk of receiving unwanted spam
Embarrassment from provocative photos being seen
Unwanted solicitation
o Unwanted ad targeting
3. Physical world
o Offline threats or harassment
o Potential harm to family members
o Stalking incidents
o Risks to employment due to online activities

N

O O O O O



3.7 Recommendation Engines: Building a User-Facing
Data Product at Scale

Recommendation engines, also known as recommendation systems, are a prime
example of data products. They help explain the role of data science to non-
experts because many people have encountered them on platforms like Amazon
and Netflix. These systems use data generated by users, such as book purchases
or movie ratings, to provide personalized recommendations. This process
involves complex engineering and algorithms, requiring knowledge of linear
algebra and coding. Building such systems highlights the challenges of handling
Big Data and implementing scalable solutions.

In this context, Matt Gattis, an MIT graduate and co-founder of Hunch.com,
shares his experience in building a recommendation system for the site.
Hunch.com initially asked users a series of questions to provide personalized
advice on various topics, using machine learning to improve recommendations
over time. They found that answering 20 questions could predict additional user
preferences with 80% accuracy, involving traits similar to those assessed by the
Myers-Briggs Type Indicator (MBTI).

Hunch later shifted to an API model, gathering data from the web and allowing
third parties to use their service to personalize content. This business model led
to eBay acquiring Hunch. Gattis emphasizes the importance of assembling a
diverse team with varied skills, likening it to planning a heist where each team
member plays a crucial role.

A Real-World Recommendation Engine

Recommendation engines are ubiquitous, suggesting movies, books, and
vacations based on users' past preferences. Building these models involves
similar concepts despite different implementations. This chapter presents a
straightforward but comprehensive method to create a recommendation engine.

To set up a recommendation engine, consider you have a set of users (U) and a
set of items (V) to recommend. Represent this as a bipartite graph, where each
user and item is a node, and edges connect users to items they have expressed
opinions about. These opinions could be positive, negative, or on a continuous
scale, and are represented as numeric ratings.
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Figure 8-1. Bipartite graph with users and items (television shows) as
nodes

Using training data that includes known preferences of some users for some
items, the goal is to predict other preferences for these users. Additional metadata
on users (e.g., gender, age) or items (e.g., color) can also be incorporated. Users
can be represented as vectors of features, which might include only metadata,
only preferences (resulting in sparse vectors due to unknown opinions), or both,
depending on the context. All user vectors can be combined into a large user
matrix, denoted as U.

3.7.1 Using Nearest Neighbor Algorithm for recommendation

Purpose: To find the item(s) most similar to a given item based on certain
features or characteristics.

Steps:

1. Data Preparation:

o Collect a set of items (e.g., books, movies, products) that you want
to compare.

o Eachitem should have a set of features (e.g., rating, genre, price).

2. Choose a Distance Metric:

o Decide how to measure the similarity between items. A common
metric is Euclidean distance, which calculates the straight-line
distance between two points in a multi-dimensional space.

3. Calculate Distance:



o Foragivenitem (let's call it the target item), calculate the distance
between this item and all other items in the dataset.
o Use the chosen distance metric to compute these distances.
4. Find Nearest Neighbors:
o Sort all items by their distance to the target item.
o The item(s) with the smallest distance are the nearest neighbors.

5. Recommendation:
o The nearest neighbors are the most similar items to the target

item. These are your recommendations.

Example:

Let's say you want to recommend movies based on a user's previous movie
ratings.

Step 1: Data Preparation

« Movie A: [Action, 8.0, 120 min]
o Movie B: [Comedy, 6.5, 90 min]
« Movie C: [Action, 7.5, 110 min]
o Target Movie: [Action, 8.5, 115 min]

Step 2: Choose a Distance Metric
o We'll use Euclidean distance.
Step 3: Calculate Distance

« Distance(Target, A) =sqrt((8.5 - 8.0)2 + (115 - 120)"2)
« Distance(Target, B) = sqrt((8.5 - 6.5)*2 + (115 - 90)"2)
« Distance(Target, C) = sqrt((8.5 - 7.5)*2 + (115 - 110)"2)

Step 4: Find Nearest Neighbors

o Calculate the distances:
o Distance(Target, A) = 5.02
o Distance(Target, B) = 25.08
o Distance(Target, C) = 5.10
« Sort distances: Movie A, Movie C, Movie B.

Step 5: Recommendation



o Nearest neighbors are Movie A and Movie C, as they have the smallest
distances to the target movie.

This simplified process shows how the Nearest Neighbor Algorithm can be used
to find and recommend items similar to a given target item.

3.7.2 Problems with Nearest Neighbors

While using nearest neighbors for recommendations is intuitive, it comes with
several issues:

1. Curse of Dimensionality:

o With too many dimensions (features), the closest neighbors can

be very far apart, making them not truly "close."
2. Overfitting:

o Relying on the nearest neighbor might result in noise. Using k-
nearest neighbors (k-NN) with more neighbors (e.g., k=5) can help
but still increases noise.

3. Correlated Features:

o Many features are highly correlated, such as age and political
views. Counting both can double the influence of a single feature,
leading to poor performance. Projecting data onto a smaller
dimensional space to account for correlations can help.

4. Relative Importance of Features:

o Some features are more informative than others. Weighting
features based on their importance (e.g., using covariances) can
improve the model.

5. Sparseness:

o Sparse vectors or matrices (lots of missing data) make it difficult to
measure similarity because there’s little overlap between data
points.

6. Measurement Errors:

o People might lie or inaccurately report preferences, leading to
errors in data.

7. Computational Complexity:

o Calculating distances for large datasets is computationally
expensive.

8. Sensitivity of Distance Metrics:

o Euclidean distance can be skewed by the scale of different
features. Features like age can outweigh others if not properly
scaled. Assuming linear relationships may not always be correct.



9. Changing Preferences:

o User preferences change over time, which is not captured by
static models. For instance, buying behaviour changes after
purchasing a specific item.

10.Cost to Update:

o Updating the model as new data comes in is expensive.

3.7.3 Beyond Nearest Neighbour: Machine Learning
Classification

To improve recommendation systems beyond nearest neighbors, we can use
machine learning, specifically linear regression models for each item.

Linear Regression Models for Recommendations:

1. Separate Models for Each Item:
o Build a distinct linear regression model for each item.
o Predict whether a user would like an item based on their
attributes (e.g., age, gender).
2. Incorporate Metadata:
o Treat user attributes (metadata) as features in the model.
o This allows predicting user preferences even when some
attributes are missing.

Example:

o For auser with three attributes (fi, fi2, fi3), estimate their preference (pi)
for an item using:

Pi=B1fir+Pafir+Psfis+e
Advantages:

« Feature Weighting:
o Linear regression inherently solves the feature weighting problem

by determining the importance of each feature through its
coefficients.



Challenges:

1. One Model per Item:
o Requires as many models as there are items.
o Doesn't leverage information from other items.

2. Overfitting:
o Large coefficients can indicate overfitting, especially with limited
data.
o Overfitting occurs when the model captures noise rather than the
underlying pattern.

Addressing Overfitting:

1. Impose a Bayesian Prior:
o Add a penalty term to the regression to prevent large coefficients,
equivalent to adding a prior matrix to the covariance matrix.
o The penalty term depends on a parameter, A (lambda).

2. Choosing A:
o Experimentally adjust A by evaluating model performance on a
training set.
o Normalize variables before entering them into the model to
ensure consistent scaling and avoid penalizing coefficients
disproportionately.

Normalization:

« Normalize variables to ensure that coefficients have reasonable sizes.
« Different normalization methods can be applied if certain variables are
expected to have larger coefficients.

Final Consideration:

o While imposing a prior (penalty term) can prevent overfitting, making A
too large can nullify the model. Properly balancing A is crucial to
maintain model accuracy.

In summary, transitioning to machine learning classification, specifically linear
regression for each item, helps address some issues of nearest neighbors but
introduces new challenges such as overfitting and computational complexity,
which can be managed through normalization and careful tuning of parameters
like A.



Key Points about A (Lambda):

1. Purpose of A:
o It controls the strength of the regularization.
o Ahigher value of A increases the penalty on large coefficients, thus reducing the risk
of overfitting.
2. Regularization Types:
o L2 Regularization (Ridge Regression):
= Adds a penalty equal to the sum of the squared coefficients multiplied by A.
= Cost function: J(8)=Cost function without regularization+A3j=1n0j2J(\theta)
= \text{Cost function without regularization} + \lambda \sum_{j=1}*{n}
\theta_j*2J(B)=Cost function without regularization+A3j=1n6j2
o L1 Regularization (Lasso Regression):
* Adds a penalty equal to the sum of the absolute values of the coefficients
multiplied by A.
= Cost function: J(8)=Cost function without regularization+A3j=1n|6j|J(\theta)
= \text{Cost function without regularization} + \lambda \sum_{j=1}*{n}
[\theta_j|J(8)=Cost function without regularization+ASj=1n|6j|
3. Choosing A:
o Selecting an appropriate value for A is crucial and is often done experimentally.
o Common methods include cross-validation, where the model's performance is
evaluated on a validation set for different values of A to find the optimal one.
4. Effect of A:
o If Ais too small: The regularization effect is minimal, and the model might overfit
the training data.
o IfAistoo large: The model becomes too constrained, leading to underfitting and
poor performance on both the training and test data.
5. Normalization:
o Normalizing the features before applying regularization ensures that the penalty is
applied uniformly across features, preventing any single feature from
disproportionately affecting the model due to its scale.

In summary, A (lambda) is a regularization parameter used to penalize large coefficients in
linear regression models, thereby reducing overfitting and improving the model's
generalization capabilities.

The Dimensionality Problem

The dimensionality problem in data analysis refers to dealing with a large number of items or
features, often tens of thousands. To manage this, techniques like Singular Value
Decomposition (SVD) and Principal Component Analysis (PCA) are commonly used.

Understanding Dimension Reduction and Latent Features

e Concept of Latent Features: Latent features are unobserved and not directly measurable,
like "coolness." People often combine various observable behaviors to internally map them
to a single latent feature.



o Dimensionality Reduction: This process simplifies data into fewer dimensions, focusing on
essential features.

Algorithmic Approach

e Machine Learning Role: Instead of manually selecting important latent features, machine
learning algorithms determine which features best explain the variance in the data.

e Low Dimensional Subspace: The objective is to create a model in a low-dimensional
subspace that captures "taste information" to generate recommendations, approximating
latent tastes from observed data.

Handling Binary Rating Questions

e Separate Variables for Each Question: Especially for binary questions (yes/no), creating
separate variables can be effective.

e Comparison Questions: These might be more effective in revealing user preferences than
binary questions.

In summary, managing over dimensionality involves reducing the number of features to a

manageable level using SVD and PCA, allowing algorithms to identify and focus on the most
significant latent features that explain the data variance efficiently.

3.7.4 Singular Value Decomposition (SVD)

Concept and Mathematical Foundation

Singular Value Decomposition (SVD) is a method to decompose any mxn
matrix X of rank k into three specific matrices: X=USV"*

U: An mxk matrix with pairwise orthogonal columns.
S : A kxk diagonal matrix.

V: A kxn matrix with pairwise orthogonal columns.
Standard SVD

o The traditional form involves U and V being square unitary matrices.
o Sis typically rectangular in the standard form.

Application to Data Sets

« X:Represents the original dataset (e.g., users' ratings of items) with m
users and n items.



o Rank k: Determines the maximum number of latent variables d to
consider.

o Tuning Parameter d: Similar to k in k-NN, d is chosen based on the
dataset and serves as a tuning parameter for the model.

Interpretation of Matrices

o U: Each row corresponds to a user.

o V:Eachrow corresponds to an item.

o Singular Values in S: Diagonal values in S indicate the importance of
each latent variable, with the largest value representing the most critical
latent variable.

SVD allows the decomposition of the data matrix into components that simplify
understanding and manipulation, focusing on the most significant latent
features.

3.7.5 Important Properties of SVD Summary

Orthogonality and Ordering

o Orthogonality: The columns of matrices U and V are orthogonal.

o Ordering by Singular Values: Columns can be ordered by their
corresponding singular values. Ordering in decreasing order of singular
values ranks dimensions from most to least important.

Lower Rank Approximation

« Approximation by Truncation: Lower-rank approximation of matrix X is
achieved by truncating S to include only the top singular values and the
corresponding parts of U and V.

« Compression: This truncation process is a form of data compression,
retaining the most significant features and discarding the least
important ones.

Choosing Latent Variables d

« Reducing Dimensions: By selecting a smaller number of latent variables
d (where d<k), the approximation retains the essential structure of X
while reducing its dimensionality.

Interpretation of U and V



o Latent Features: The matrices U and V reveal latent features in the data.
For example, the most significant latent feature might differentiate
between males and females.

Application in Recommendations

« Handling Missing Values: To use SVD for recommendations, fill in
missing values in X with the average rating for each item before
computing the SVD.

« Prediction: After decomposing X into U, S, and V, multiply these
matrices back together to get an approximation of X. This allows
prediction of ratings by looking up the appropriate user/item entry in
the approximated matrix.

Limitations and Challenges

« Missing Data: SVD does not inherently solve the issue of missing data.
o Computational Complexity: SVD is computationally expensive, making it
challenging for large datasets.

Example of Using SVD for Recommendations

1. Initial Data: Suppose you have a user-item rating matrix X with some
missing values.

2. Fill Missing Values: Replace missing values with the average rating for

each item.

Compute SVD: Decompose Xinto U, S, and V.

4. Make Predictions: Multiply U, S, and V* to get an approximation of X,
and use this approximated matrix to predict ratings for user-item pairs.

w

In summary, SVD helps in reducing the dimensionality of data by focusing on
the most significant features, aiding in data compression and making
predictions, albeit with computational challenges and the need for handling
missing data appropriately.



Key Terms Used in Singular Value Decomposition (SVD)

N

10.

11.

12.

13.

14.

15.

16.

17.

18.
19.

20.

21.

Matrix X: The original mxn data matrix that you want to decompose.

Rank (k): The number of linearly independent rows or columns in matrix X.
Orthogonality: Property where vectors are perpendicular to each other, implying
their dot product is zero.

Singular Value: The diagonal elements of matrix S, representing the magnitude of
each dimension's contribution to the matrix.

Lower Rank Approximation: An approximation of X using fewer dimensions by
truncating S and corresponding parts of U and V.

Compression: Reducing the size of data by retaining the most important information
and discarding less important details.

Latent Variables (or Latent Features): Hidden features inferred from the data, not
directly observable.

U Matrix: An mxk matrix whose columns are orthogonal and represent the left
singular vectors.

S Matrix: A kxk diagonal matrix containing singular values, ordered by magnitude.

V Matrix: An nxk matrix whose columns are orthogonal and represent the right
singular vectors.

Eigenvalues and Eigenvectors: Eigenvalues are scalars indicating the variance
explained by each dimension, and eigenvectors are the directions of these
dimensions.

Unitary Matrix: A matrix whose inverse is equal to its transpose.

Dimensionality Reduction: The process of reducing the number of random variables
under consideration by obtaining a set of principal variables.

Base Change Operation: Reordering columns based on the magnitude of singular
values.

Approximation X: The matrix obtained by multiplying U, S, and V T back together,
serving as an approximation of the original X.

Prediction: Using the approximated X matrix to predict missing or new values in the
dataset.

Frobenius Norm: A measure of matrix error used to quantify the difference between
the original matrix and its approximation.

Diagonal Matrix: A matrix in which the entries outside the main diagonal are all zero.
Reconstruction: The process of multiplying U, S, and V* to get an approximated
version of X.

Computational Complexity: The amount of computational resources required to
perform SVD, especially significant for large matrices.

SVD-based Recommendations: Using SVD to decompose user-item rating matrices to
make personalized recommendations.



3.7.6 SVD Algorithm: Step-by-Step Guide

Step 1: Start with Matrix X

Given an m X n matrix X, our goal is to decompose it into three matrices U, S, and VT

Step 2: Compute X X7

Calculate the product of X and its transpose:
XXT

Step 3: Find Eigenvalues of X X©

Solve the characteristic equation to find the eigenvalues of X X"

det(XXT — XI) =0

Step 4: Calculate Singular Values

The singular values o; are the square roots of the eigenvalues found in Step 3.

Step 5: Compute Right Singular Vectors (V')

Calculate the eigenvectors of XTx corresponding to the eigenvalues found in Step 3. These

eigenvectors form the columns of V.

Step 6: Compute Left Singular Vectors (U)
Using the singular values and the right singular vectors, compute the left singular vectors using:

_ 1
Uu; = g—in.i

where u; are the columns of U, and v; are the columns of V.

Step 7: Form the Diagonal Matrix (.5)

Create the diagonal matrix S with the singular values o; on the diagonal and zeros elsewhere.

Step 8: Construct the SVD

Combine the matrices U, S, and V7T to form the SVD of X:
X =UsvT



Example: Finding SVD for a Given Matrix

Let's find the SVD for:

3 2 2
X_[z 3 —2}

1. Start with Matrix X :

3 2 2
X_[23 —2}

2. Compute X X7

3 2
3 2 2 17
XXT — [ } 2 3 — [
2 3 -2 [2 2] 8

3. Find Eigenvalues of X X7
Solve the characteristic equation:
A% — 34X +225 =0
(A—=25)(A—9)=0
Eigenvalues: A} = 25, Ao = 9

4. Calculate Singular Values:
a1 — v 25 =05
09 — \/g — 3

5. Compute Right Singular Vectors (V'):

8
17

Find eigenvectors of X T X for the eigenvalues 25 and 9.

For A = 25:
12 12 2
XTX — 255 = | 12 12 2
2 2 17
Row-reducing this matrix:
1 1 0
0 0 1
0 0 0
A unit vector in this direction is:
1
e
m = E



For A = 9:

The eigenvector is:

Vo —

[y Loy | Y
;1‘ ;‘*m

The third eigenvector is perpendicular to v and v2:
2
3

Vg — 2
~ 3
—1

3

Hence, V is:
1

VvV —

SIS
ks

6. Compute Left Singular Vectors (U):

Using the formula u; = ﬁva, we get:
I S

U=|% %
vz o2

7. Form the Diagonal Matrix (S):
5 0
s[5 3]

8. Construct the SVD:
The final SVD equation is:

HH

b
N

A =

Sk
Lk
Sl

1Sl
;‘ ool oo



3.7.7 Important Properties of SVD Summary

Orthogonality and Ordering

o Orthogonality: The columns of matrices U and V are orthogonal.

e Ordering by Singular Values: Columns can be ordered by their
corresponding singular values. Ordering in decreasing order of singular
values ranks dimensions from most to least important.

Lower Rank Approximation

o Approximation by Truncation: Lower-rank approximation of matrix X is
achieved by truncating S to include only the top singular values and the
corresponding parts of U and V.

o Compression: This truncation process is a form of data compression,
retaining the most significant features and discarding the least important
ones.

Choosing Latent Variables d

« Reducing Dimensions: By selecting a smaller number of latent variables d
(where d<k), the approximation retains the essential structure of X while
reducing its dimensionality.

Interpretation of U and V

« Latent Features: The matrices U and V reveal latent features in the data.
For example, the most significant latent feature might differentiate
between males and females.

Application in Recommendations

« Handling Missing Values: To use SVD for recommendations, fill in missing
values in X with the average rating for each item before computing the
SVD.

« Prediction: After decomposing X into U, S, and V, multiply these matrices
back together to get an approximation of X. This allows prediction of
ratings by looking up the appropriate user/item entry in the approximated
matrix.

Limitations and Challenges

« Missing Data: SVD does not inherently solve the issue of missing data.



o Computational Complexity: SVD is computationally expensive, making it
challenging for large datasets.

Example of Using SVD for Recommendations

1. Initial Data: Suppose you have a user-item rating matrix X with some
missing values.

2. Fill Missing Values: Replace missing values with the average rating for

each item.

Compute SVD: Decompose Xinto U, S, and V.

4. Make Predictions: Multiply U, S, and V* to get an approximation of X, and
use this approximated matrix to predict ratings for user-item pairs.

w

In summary, SVD helps in reducing the dimensionality of data by focusing on
the most significant features, aiding in data compression and making predictions,
albeit with computational challenges and the need for handling missing data
appropriately.

3.7.8 Introduction to Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a technique used to simplify complex
data. It reduces the number of dimensions (or features) in a dataset while
preserving as much important information as possible. This makes it easier to
visualize, analyze, and use the data.

Here's how PCA works in simple terms:

1. Data Simplification:

o Imagine you have a dataset with many features (e.g., height, weight,
age, income). PCA helps to reduce this to a smaller set of new
features that still capture the essential information.

2. Finding Principal Components:

o PCA identifies new features called "principal components.” These
are combinations of the original features that explain the most
variance (differences) in the data. The first principal component
captures the most variance, the second captures the next most, and
SO on.

3. Transformation:

o The original data is transformed into a new set of uncorrelated
features (principal components). These new features are easier to
work with because they are not redundant and capture the most
important patterns in the data.

4. Dimensionality Reduction:



o By selecting a few principal components, you can reduce the number
of features while retaining most of the important information. This
makes the data simpler and faster to process without losing
significant insights.

Why Use PCA?

. Simplification: Makes complex data easier to understand and visualize.

. Efficiency: Reduces computational resources needed for analysis and
modeling.

« Noise Reduction: Helps to remove less important information and focus
on the most critical aspects of the data.

« Uncorrelated Features: Ensures that the new features are not redundant,
which can improve the performance of machine learning models.

3.8 Principal Component Analysis (PCA)

PCA is another approach for predicting preferences by finding matrices U and V
that approximate the original data matrix X through the product X=U-VT. The
goal is to minimize the discrepancy between the actual data X and the predicted
data U-VT, measured by the squared error:

argmin D, (xi; — ui - v;5)?

Here, u; represents the row of U corresponding to user i, and v; represents the row
of V corresponding to item j. The dot product u;-v; is the predicted preference of
user i for item J, and the objective is to make this as close as possible to the actual
preference X;;.

Optimization Problem

The optimization problem is to find the best U and V that minimize the squared
differences between the predictions and observations for all known data points.
This is analogous to minimizing mean squared error in linear regression.

Latent Features and Dimensionality

A key parameter in PCA is the number of latent features d, which determines
the dimensions of U and V. Typically, d is around 100, based on practical
considerations of computational efficiency and the amount of information
captured.



Uniqueness and Correlation

The resulting latent features form a well-defined subspace in the n-dimensional
space of potential latent variables. The solution is not unique due to the
presence of missing values in the data matrix, but finding any solution is
sufficient.

Uncorrelated Latent Features

A beneficial property of PCA is that the latent features are uncorrelated. This
reduces redundancy in the model.

PCA Properties

1.

Matrices U and V: Assume U and V are found such that U-V=X and the
squared error is minimized.

2. Transformation: Modify U with an invertible dxd matrix G and V by its

3.

inverse G, maintaining the product U-V=X.

Orthogonality: By minimizing the surface area of a d-dimensional
parallelepiped (defined by the columns of U) while preserving volume,
the sides become mutually orthogonal, making the latent features
uncorrelated.

Mutual Orthogonality: This mutual orthogonality extends to the rows of
V when the columns of U are orthogonal.

Additional Considerations

Determinant and Scaling: When allowing modifications with non-trivial
determinants, the best choice of scalar for minimizing the sum of
squares of the entries of U and V is the geometric mean of these
guantities.

Similarity to SVD: While not exactly the same, PCA has much in common
with the Singular Value Decomposition (SVD) and is sometimes referred
to as an SVD algorithm.



3.9 Alternating Least Squares (ALS) Algorithm

Objective: To find matrices U and V that minimize the squared error between
the predicted data U-VT and the actual data matrix X while simultaneously
minimizing the size of the entries in U and V.

Approach:

« The optimization problem is solved iteratively because it lacks a closed-
form solution like ordinary least squares.

« The algorithm converges well for convex problems, and regularization
can be used to ensure convexity.

Algorithm Steps:

1. Initialize:
o Start with a random initialization of matrix V.
2. Iterative Optimization:
o Step 1: Optimize U while keeping V fixed.
o Step 2: Optimize V while keeping U fixed.
3. Convergence Check:
o Repeat the above steps until the changes in U and V are smaller
than a predefined threshold €.
o Once the changes are less than €, the algorithm is considered to
have "converged.”

Fix V and Update U

Objective: Optimize the user matrix UUU by minimizing the squared error for
each user while keeping the item matrix VVV fixed.

Approach:

« User-by-User Optimization: For each user i solve:
. 2
arg min E (pij — wi-vj)
U, h )
jeF;

where Pi represents the items rated by user i, and vj are fixed.



Solution:

« This problem is equivalent to a linear least squares problem and has a
closed-form solution:

w = (VLV.,) 'VLP.,

where V. is the subset of V corresponding to the items rated by user ii.
Key Points:

« Matrix Inversion: The inversion involved is only of a dxd matrix, which
Is computationally manageable since d (hnumber of latent features) is small.

« Feasibility: The number of preferences per user is typically small, making
the update process efficient.

. Parallelization: Each user's update is independent of others, allowing for
parallel computation across multiple machines to speed up the process.

Analogous Update for V:

« Fix U and optimize V similarly by considering only the users who rated
each item.

« The update involves inverting a dxd matrix for each item, which is
computationally feasible.

Conclusion: The optimization of U(and analogously V) can be efficiently
achieved by leveraging the closed-form solution of linear least squares and
parallelizing the updates across multiple machines.



3.9.1 PCA Algorithm for Predicting Preferences

Objective: To find matrices U and V that approximate the original data matrix X
through the product X=U-VT, minimizing the squared error between the actual
data X and the predicted data U-V7.

Algorithm Steps:
1. Initialization:
o Define the number of latent features d. Typically, d is around 100.
o Initialize matrices U(of size mxd) and V (of size nxd) with random
values, where m is the number of users and n is the number of items.
2. Optimization Problem:
o The goal is to minimize the squared differences between the
predicted and actual values:
Minimize Z(mu w; - vl )?
o Where X;; is the actual preference of user i for item j, u; is the i-th row
of U, and vj is the j-th row of V.
3. Alternating Least Squares (ALS):
o Step 1: Fix V and update U.
For each user i, solve

: 2
arg min E (pij — ui - vj)
.

where Pi represents the items rated by user i, and vj are fixed.
This problem has a closed-form solution:

U; — {H%;_V*,i.)_lﬂzp*,i
Is the subset of V corresponding to the items rated by user i.

o Step 2: Fix U and update V.
For each item j, solve:

: 2
arg min E (pij — ui - vj)
v
’LEQJ:

where Q; represents the users who rated item j, and u; are fixed.



This problem has a closed-form solution:

’Uj — (UE:JU*,J)_IUE:JQ*,J

where Ux,j is the subset of U corresponding to the users who
rated item j.

4. Convergence Check:
o Repeat the ALS steps until the changes in U and V are smaller than
a predefined threshold .
o Once the changes are less than ¢, the algorithm is considered to have
"converged."
5. Orthogonalization (Optional):
o Ensure that the latent features are uncorrelated by performing an
orthogonalization step:
Modify U with an invertible dxd matrix G and V by its inverse
G!, maintaining the product U-V'=X

3.9.2 Additional Considerations:

« Determinant and Scaling: When allowing modifications with non-trivial
determinants, the best choice of scalar for minimizing the sum of squares
of the entries of UUU and VVV is the geometric mean of these quantities.

« Similarity to SVD: While not exactly the same, PCA has much in common
with the Singular Value Decomposition (SVD) and is sometimes referred
to as an SVD algorithm.

Conclusion: PCA reduces data dimensionality while capturing the most
significant variance in the data. The resulting latent features are uncorrelated,
improving the prediction accuracy of preferences. The ALS algorithm alternates
between optimizing U and V iteratively until convergence, effectively solving the
optimization problem by minimizing both the prediction error and the size of the
matrix entries simultaneously. Parallelization of updates further enhances the
efficiency of the algorithm.



3.10 Build Your Own Recommendation System

This Python code implements the Alternating Least Squares (ALS) algorithm for matrix
factorization, often used in collaborative filtering for recommendation systems. Let's go
through the code step by step, explaining the notations and processes.

Python Inbuilt Libraries to be Used

1.math :

Purpose: Provides mathematical functions.
Functions: math.sqrt(x): Returns the square root of x.
Usage in Code: To calculate the root mean squared error (RMSE)

Examplel :

import math
result = math.sqrt(16) # result will be 4.0

Example2:

import math
# Calculating root mean squared error
error = math.sgrt(total_error / number_of elements)

2.numpy

Purpose: Array and matrix operations, linear algebra. Supports large, multi-dimensional arrays
and matrices, along with a collection of mathematical functions to operate on these arrays.

Key Functions:

numpy.mat(data): Creates a matrix from an array-like object or a string of data.
numpy.zeros(shape): Returns a new array of given shape and type, filled with zeros.
numpy.eye(N): Returns a 2-D array with ones on the diagonal and zeros elsewhere.
numpy.linalg.inv(a): Computes the (multiplicative) inverse of a matrix.
numpy.vstack(tup): Stacks arrays in sequence vertically (row wise).

Usage in Code: For creating and manipulating matrices and performing linear algebra
operations.

Example:

import numpy

# Creating a matrix

V = numpy.mat([[0.15968384, 0.9441198, 0.83651085],
[0.73573009, 0.24906915, 0.85338239],
[0.25605814, 0.6990532, 0.509004071]])



# Creating a zero matrix

U = numpy.mat(numpy.zeros([6, 3]))
# ldentity matrix for regularization
L_identity = L * numpy.mat(numpy.eye(3))
# Inverting a matrix

inv_matrix = numpy.linalg.inv(some_matrix)

Steps of ALS Algorithm:

1.
2.

3.

Initialize Matrices: Start with random initialization of matrices U and V.

Fix V, Solve for U: Using the current estimate of V, update U by solving a least squares
problem.

Fix U, Solve for V: Using the updated U, update V by solving a least squares problem.
Compute Error: After each iteration, compute the root mean square error (RMSE)
to monitor convergence.

Repeat: Iterate the above steps until convergence or for a fixed number of iterations.

Building a Recommendation System: Sample Code Explanation

The code provided is an implementation of the Alternating Least Squares
(ALS) algorithm for collaborative filtering, a popular technique used in
recommendation systems.

ALS is used to factorize the user-item interaction matrix into two lower-
dimensional matrices, U (user matrix) and V (item matrix), such that their
product approximates the original matrix.

This factorization helps to uncover latent factors that explain the observed

interactions.

Python Sample Code :

import math
import numpy as np

# User-item interaction data

pu=[
[0, 0, 1), 0, 1, 22), (0, 2, 1), (0, 3, 1), (0, 5, 0)],
[(1,0,1), (1, 1,32), (12 0), (L 3,0), (1,4 1), (L 5, 0)]
[(2,0,0), (2, 1,18), (2,2, 1), (2, 3, 1), (2, 4, 0), (2, 5, 1)],
[(3,0, 1), (3, 1, 40), (3, 2, 1), (3, 3, 0), (3, 4, 0), (3, 5, 1)],
[(4,0,0), (4, 1, 40), (4, 2, 0), (4, 4, 1), (4, 5, 0)],
[(5,0,0), (5, 1, 25), (5, 2, 1), (5, 3, 1), (5, 4, 1)]

]

# ltem user interaction data
pv=[



[(0,0,1),(0,1,1),(0,2,0),(0,3,1), (0, 4,0), (0,5, 0)],
[(1,0,22),(1,1,32),(1,2,18), (1, 3, 40), (1, 4, 40), (1, 5, 25)],
[(2,0,1),(2,1,0),(2,2,1),(2,3,1),(2,4,0), (2 5,1)],

[(3,0,1),(3,1,0),(3,2,1),(3,3,0), (3,5 1)],
[(4,1,1),(4,2,0),(430),(441),(@4,5,1)],
[(5,0,0),(5,1,0),(5,2,1),(5,3,1),(5,4,0)]

]

# Initialize V matrix

V = np.mat([

[0.15968384, 0.9441198, 0.83651085],
[0.73573009, 0.24906915, 0.85338239],
[0.25605814, 0.6990532, 0.50900407],
[0.2405843, 0.31848888, 0.60233653],
[0.24237479, 0.15293281, 0.22240255],
[0.03943766, 0.19287528, 0.95094265]

D

print("Initial Matrix V:\n\n",V)

print(*\n\n")

# Initialize U matrix

U = np.mat(np.zeros([6, 3]))
print("Iniial Matrix U:\n\n",U)
print("\n")

# Regularization factor
L =0.03

# ALS algorithm to update U
for iter in range(5):
print(f"\n----- ITER {iter + 1} ----- ")

urs =]
for uset in pu:
vo =]
pvo=1]
fori, j, p in uset:
vor =]
for k in range(3):
vor.append(V[j, k])
vo.append(vor)
pvo.append(p)
VO = np.mat(vo)
ur = np.linalg.inv(vo.T * vo + L * np.eye(3)) * vo.T * np.mat(pvo).T
urs.append(ur.T)
U = np.vstack(urs)
print("Transormed/Decomposed U:\n",U)
print("\n")



# ALS algorithm to update V
vrs =]
for vset in pv:
uo =]
puo =]
forj, i, p in vset:
uor =]
for k in range(3):
uor.append(U[i, k])
uo.append(uor)
puo.append(p)
uo = np.mat(uo)
vr = np.linalg.inv(uo.T * uo + L * np.eye(3)) * uo.T * np.mat(puo).T
vrs.append(vr.T)
V = np.vstack(vrs)
print("Transormed/Decomposed V:\n",V)
print(*\n")

# Error Computing
err =0.0
n=0
for uset in pu:
fori, j, p in uset:
err += (p - (U[i] * V[i]. IO, 0]) ** 2
n+=1

print(" Error:\n\n",math.sqrt(err / n))
print("\n")

#Final predicted user-item interaction matrix U.VT
print("Final predicted user-item interaction matrix U*V.T:\n\n")
print(U * V.T)

Explanation :

This Python code implements the Alternating Least Squares (ALS) algorithm to
factorize a user-item interaction matrix into two smaller matrices, U and V,
representing users and items, respectively. Here's a simplified breakdown of
what each part does:

1. Imports:
o math: Provides mathematical functions.
o numpy (imported as np): Used for numerical operations,
especially with arrays and matrices.
2. User-item interaction data:



o pu: List of tuples representing user interactions with items. Each
tuple is (user_id, item_id, interaction_value).
o pv: Transposed version of pu where item interactions with users
are stored.
3. Initialize matrices:
o V:Randomly initialized matrix representing item features.
o U: Initialized as a zero matrix to represent user features.
4. Regularization factor (L):
o A small value added to prevent overfitting during the matrix
factorization.
5. ALS algorithm:
o The algorithm iterates 5 times to refine the matrices U and V.
6. Updating U matrix:
o For each userin pu, it collects the item feature vectors and the
corresponding interaction values.
o Computes the user feature vector by solving a regularized least
squares problem.
o Stacks the user feature vectors to form the updated U matrix.
7. Updating V matrix:
o Foreachitemin pv, it collects the user feature vectors and the
corresponding interaction values.
o Computes the item feature vector by solving a regularized least
squares problem.
o Stacks the item feature vectors to form the updated V matrix.
8. Computing error:
o After each iteration, calculates the total error between the
predicted and actual interaction values.
9. Output:
o Prints the final error after all iterations.
o Prints the final predicted user-item interaction matrix, which is the
product of U and VAT (transpose of V).

Here's a more concise summary:

« The code initializes matrices for user (U) and item (V) features.

o It alternates between updating U and V using the ALS algorithm to
minimize the prediction error.

« After a fixed number of iterations, it calculates the prediction error and
outputs the final predicted user-item interaction matrix.

Example : Modify the sample code to work with the GetGlue (Any Realtime) dataset.



Module3 : Question Bank

Topic: Feature Generation and Selection

1. What are filters and wrappers? Explain the ways of selecting algorithms and
selection criteria for good subset of features.

2. lllustrate about feature extraction and feature selection.

Explain the feature selection with an example of user retention

4. Explain the wrappers in detail with respect to features selection

w

Topic: Decision Trees and Random Forests

=

Describe Decision tree, entropy and Random forest algorithms.

2. Describe about user retention. Write about decision trees. Also explain about
brainstorming and role of domain expertise in feature generation.

Explain and construct Decision Tree with an example.

4. Write the short note on: Random Forest

w

Topic: Dimensionality Reduction (PCA and SVD)

1. Explain singular value decomposition method to overcome dimensionality
problem.

2. Write about the dimensionality problem. Describe Singular Value
Decomposition (SVD) and the important properties of SVD.

3. Demonstrate Principal Component Analysis (PCA). Write a sample code to build

your own recommendation System.

Explain Principal Component Analysis

Discuss the singular value decomposition along with properties

ok~

Topic: Nearest Neighbours

=

Describe the various problems associated with nearest neighbors
2. Describe the problems with the nearest Neighbour in recommendation System
3. Explain the problems with nearest neighbors.
Topic: Data Wrangling
1. Write briefly about Data Wrangling.
Topic: Recommendation Systems
1. Write the short notes on:

o ¢.The Three Primary Methods of Regression
o d. The Kaggle Model



Descriptive Questions Set3:

Topic: Feature Generation and Selection

Topic

Topic

1.

Apply your understanding of filters and wrappers by explaining them in

detail and illustrating their differences with a specific example.

lllustrate feature extraction and feature selection. Write about Random Forests. Compare
and contrast the effectiveness of feature extraction and feature selection in improving
Random Forests' performance.

Analyze the effectiveness of feature extraction and feature selection in enhancing the
performance of Random Forests, illustrating your points with examples.

Explain feature selection with an example of user retention. Analyze the impact
of different feature selection methods on the accuracy of user retention models.
Explain the wrappers in detail with respect to feature selection. Evaluate the
advantages and disadvantages of wrapper methods compared to filter methods.

: Decision Trees and Random Forests

Describe Decision tree, entropy, and Random forest algorithms. Create a
decision tree based on a provided dataset and explain each step.

Apply your understanding of decision trees, entropy, and random forests by creating
a decision tree from a dataset and explaining the process.

Apply your knowledge of Random Forests by summarizing their key points and
illustrating their use in solving a specific real-world problem.

Describe user retention and decision trees. Also, explain brainstorming and the role of
domain expertise in feature generation. Evaluate the importance of domain expertise in
creating effective decision tree models for user retention.

Evaluate how domain expertise contributes to creating effective decision tree models
for user retention, providing detailed examples and analysis.

Analyze and compare decision trees and random forests, discussing specific scenarios where
one method is more suitable than the other.

: Dimensionality Reduction (PCA and SVD)

Explain Singular Value Decomposition (SVD). Demonstrate how SVD can be
applied to a dataset to reduce its dimensionality. Or Apply your understanding of
SVD by demonstrating its application on a dataset to reduce dimensionality.
Explain Principal Component Analysis (PCA). Provide a detailed example of
how PCA can be used in a data analysis project. Or Apply your knowledge of
PCA by explaining its application in a detailed data analysis project.

Explain Singular Value Decomposition method to overcome the dimensionality
problem. Provide a case study where SVD has been successfully implemented.
Or Apply your understanding of SVD by discussing a case study where it has been
successfully used to overcome dimensionality issues.

Write about the dimensionality problem. Describe Singular Value
Decomposition (SVD) and the important properties of SVD. Analyze the
effectiveness of SVD in reducing dimensionality while preserving data integrity.
Or Analyze how effective SVD is in reducing dimensionality while maintaining the
integrity of the original data.



Demonstrate Principal Component Analysis (PCA). Write a sample code to build
your own recommendation system. Evaluate the performance of your
recommendation system using PCA. Or Analyze the performance of a
recommendation system that utilizes PCA, providing a detailed demonstration and
sample code.

Discuss Singular Value Decomposition (SVD) along with its properties. Compare
SVD with other dimensionality reduction techniques in terms of effectiveness
and computational efficiency. Or Compare and analyze SVD with other
dimensionality reduction techniques, discussing their effectiveness and computational
efficiency.

Topic: Nearest Neighbors

Describe the various problems associated with nearest neighbors. Provide solutions or
alternatives to overcome these problems. Or Apply your understanding by describing
problems with nearest neighbors and suggesting practical solutions or alternatives.
Describe the problems with the nearest neighbor in the recommendation system.
Evaluate the impact of these problems on the recommendation quality and suggest
improvements. Or Analyze the impact of nearest neighbor issues on recommendation
quality and suggest ways to improve the system.

Explain the problems with nearest neighbors. Compare the effectiveness of
nearest neighbor methods with other recommendation techniques. Or Analyze
and compare the effectiveness of nearest neighbor methods against other
recommendation techniques, discussing their strengths and weaknesses.

Topic: Data Wrangling

1.

Write briefly about Data Wrangling. Provide an example of a data wrangling process in a
real-world data analysis project. Or Apply your understanding of data wrangling by
describing the process and providing a real-world example.

Topic: Recommendation Systems

Explain the real-world recommendation engine using Bipartite Graph. Evaluate its
performance compared to traditional recommendation algorithms. Or Analyze the
performance of a real-world recommendation engine that uses a bipartite graph, comparing
it to traditional algorithms.

Topic: Regression and Models

1.

Write the short notes on the Three Primary Methods of Regression. Provide
examples of situations where each method is most effective. Or Apply your
knowledge by summarizing the three primary methods of regression and providing
examples of their best use cases.

Write the short notes on the Kaggle Model. Provide an example of a successful
application of the Kaggle Model in a competition. Or Apply your understanding by
summarizing the Kaggle Model and discussing an example of its successful
application in a competition.



Multiple Choice Questions with Answers

Feature Generation and Selection

1.

What is the main goal of feature selection in predictive models?
o A) Increase the number of features
o B) Improve model interpretability
o C)Increase computational cost
o D) Complicate the model
o Answer: B) Improve model interpretability
Which method evaluates the relevance of each feature independently of the
learning algorithm?
o A) Wrapper Methods
o B) Filter Methods
o C) Embedded Methods
o D) Recursive Feature Elimination
o Answer: B) Filter Methods
What is a common example of a wrapper method for feature selection?
o A) LASSO regression
o B) Pearson correlation
o C) Recursive Feature Elimination (RFE)
o D) Principal Component Analysis (PCA)
o Answer: C) Recursive Feature Elimination (RFE)
Which technique adds a penalty equal to the absolute value of the magnitude of
coefficients during model training?
o A)Ridge Regression
o B) LASSO Regression
o C)PCA
o D)SVD
o Answer: B) LASSO Regression
Which is not a benefit of feature selection?
o A) Reducing overfitting
B) Improving performance
C) Increased interpretability
D) Increased data complexity

(@]
(@]
(@]
o Answer: D) Increased data complexity

Recommendation Systems

6.

Which company is mentioned as having integrated social elements into various
products like Search?

o A) Amazon

o B) Netflix

o C)Google

o D) Facebook

o Answer: C) Google
What percentage accuracy was achieved by Hunch.com after users answered 20
guestions?

o A)70%

o B)80%



o C)90%
o D)100%
o Answer: B) 80%
8. What is a key challenge in building recommendation systems at scale?
o A)Small data handling
o B) Linear algebra knowledge
o C)Simple coding
o D) Minimal data usage
o Answer: B) Linear algebra knowledge
9. What was the initial business model of Hunch.com?
o A) APl model
o B) Personalized advice through a questionnaire
o C) Social networking
o D) E-commerce platform
o Answer: B) Personalized advice through a questionnaire
10. What major company acquired Hunch?
o A)Amazon
B) Google
C) Facebook
D) eBay
Answer: D) eBay

O O O O

Dimensionality Reduction

11. Which technique is used to simplify complex data by reducing the number of
dimensions while preserving important information?
o A) Linear Regression
o B) Feature Selection
o C) Principal Component Analysis (PCA)
o D) Naive Bayes
o Answer: C) Principal Component Analysis (PCA)
12. What is the goal of PCA in data analysis?
o A) Increase data dimensions
o B) Preserve data complexity
o C) Reduce data dimensions while preserving variance
o D) Add noise to the data
o Answer: C) Reduce data dimensions while preserving variance
13. Which component in PCA captures the most variance in the data?
o A) Second principal component
o B) Third principal component
o C) First principal component
o D) Last principal component
o Answer: C) First principal component
14. What is a benefit of using PCA?
o A)Increased computational resources
o B) Reduced noise in the data
o C) More correlated features
o D) Increased data redundancy
o Answer: B) Reduced noise in the data
15. PCA transforms original data into a new set of what kind of features?
o A) Correlated features



O O O O

B) Redundant features

C) Uncorrelated features

D) Random features

Answer: C) Uncorrelated features

Singular Value Decomposition (SVD)

16. What is Singular Value Decomposition used for in data analysis?

A) To increase data dimensions

B) To identify patterns in the data

C) To eliminate features

D) To increase data complexity

Answer: B) To identify patterns in the data

17. Which of the following is not a step in SVD?

o

o O O O

A) Decompose the data matrix

B) Identify singular values

C) Reconstruct the original data
D) Add noise to the data
Answer: D) Add noise to the data

18. In SVD, what does the matrix U represent?

o O O O

o

A) User preferences

B) Item features

C) Singular values

D) Error terms

Answer: A) User preferences

19. What is the goal of SVD in the context of recommendation systems?

A) Maximize data complexity

B) Minimize computational cost

C) Minimize the discrepancy between actual and predicted data

D) Increase data redundancy

Answer: C) Minimize the discrepancy between actual and predicted data

20. Which value is crucial in regularization to avoid overfitting in SVD?

o

O O O O

A) Gamma (y)

B) Alpha (a)

C) Lambda (A)

D) Beta (B)

Answer: C) Lambda (A)

Building a User-Facing Data Product

21. What is a key aspect of building a user-facing data product like a
recommendation engine?

A) Minimal user interaction
B) Complex Ul design

C) Handling Big Data

D) Limited scalability
Answer: C) Handling Big Data

22. What type of data is primarily used by recommendation engines to provide
personalized recommendations?

@)
@)

A) Static data
B) User-generated data



o C) Synthetic data
o D)Random data
o Answer: B) User-generated data
23. Why is it important to consider privacy concerns when building data products?
o A)Toincrease user engagement
o B) To minimize computational cost
o C) To improve model performance
o D) To avoid legal issues and protect user data
o Answer: D) To avoid legal issues and protect user data
24. What does the survey identify as a major concern among users regarding online
activities?
o A)Lack of data
o B) Identity theft
o () Increased advertisement targeting
o D) Limited access to content
o Answer: B) Identity theft
25. What is the significance of mixed-method research in understanding user
behavior?
o A) It uses only quantitative methods
B) It ignores qualitative insights
C) It combines both qualitative and quantitative methods
D) It relies solely on data analysis
Answer: C) It combines both qualitative and quantitative methods

O O O O

Algorithmic Ingredients of a Recommendation Engine

26. What is a bipartite graph used for in recommendation systems?
o A)To connect users to users
o B)To connect items to items
o C) To connect users to items
o D) To disconnect users from items
o Answer: C) To connect users to items
27. Which algorithm is often used to improve recommendations over time by
analyzing user responses?
o A) Decision Trees
o B) k-Nearest Neighbors
o C) Machine Learning algorithms
o D) Random Forest
o Answer: C) Machine Learning algorithms
28. In recommendation engines, what does metadata about users and items help
with?
o A) Reducing recommendation accuracy
o B) Increasing the complexity of the model
o C) Improving the personalization of recommendations
o D) Limiting the data scope
o Answer: C) Improving the personalization of recommendations
29. What approach is used to predict preferences by approximating the original data
matrix through the product of two matrices in PCA?
o A) Additive approach
o B) Multiplicative approach
o C) Subtractive approach



)
@)

D) Divisive approach
Answer: B) Multiplicative approach

30. Which component in the PCA method captures the second most variance in the

data?

o

O O O O

A) First principal component

B) Second principal component

C) Third principal component

D) Last principal component

Answer: B) Second principal component

Practical Applications and Case Studies (continued)

31. What percentage of users’ preferences could be predicted accurately by
Hunch.com after answering 20 questions?

A) 50%
B) 60%
C) 70%
D) 80%
Answer: D) 80%

32. Which factor is essential in assembling a recommendation system?

A) Ignoring user feedback

B) Maintaining a static recommendation model

C) Continually updating the model based on new data

D) Using a single data source

Answer: C) Continually updating the model based on new data

33. What method did Google use to integrate recommendations into their products?

A) Manual coding

B) Linear regression

C) Machine learning algorithms

D) User surveys

Answer: C) Machine learning algorithms

34. Which aspect is NOT critical when developing a scalable recommendation
system?

A) Efficient data processing

B) User privacy

C) Algorithm transparency

D) Complex user interfaces
Answer: D) Complex user interfaces

35. What is one of the key challenges mentioned in building a recommendation
engine?

o

O O O O

A) Data scarcity

B) Lack of algorithms

C) Balancing personalization with privacy

D) Limited computational resources

Answer: C) Balancing personalization with privacy

Dimensionality Reduction Techniques

36. What does Singular Value Decomposition (SVD) primarily help with in
recommendation systems?

o

A) Adding noise to data



O O O O

B) Increasing the number of features

C) Reducing data dimensions and identifying patterns

D) Complicating the model

Answer: C) Reducing data dimensions and identifying patterns

37. In SVD, what do singular values represent?

A) Noise in the data

B) Data redundancy

C) Data variance

D) Data complexity
Answer: C) Data variance

38. Which matrix in SVD represents item features?

A) U matrix

B) Sigma matrix

C) V matrix

D) Lambda matrix
Answer: C) V matrix

39. Which method is commonly used to reconstruct the original data matrix in

SVvD?

A) Multiplicative reconstruction

B) Additive reconstruction

C) Subtractive reconstruction

D) Divisive reconstruction

Answer: A) Multiplicative reconstruction

40. Why is regularization important in SVD?

@)

O O O O

A) To overfit the model

B) To reduce the computational cost

C) To avoid overfitting and improve generalization

D) To increase the data dimensions

Answer: C) To avoid overfitting and improve generalization

Principal Component Analysis (PCA)

41. What is the primary objective of Principal Component Analysis (PCA)?

@)
@)
@)
@)
@)

A) Increase the data complexity

B) Reduce the data dimensions while preserving variance

C) Add noise to the data

D) Increase the number of features

Answer: B) Reduce the data dimensions while preserving variance

42. What does the first principal component capture in PCA?

A) The least variance in the data

B) Noise in the data

C) The most variance in the data

D) Data redundancy

Answer: C) The most variance in the data

43. How does PCA help in improving model performance?

A) By adding more features

B) By increasing data redundancy

C) By reducing noise and simplifying the data

D) By complicating the model

Answer: C) By reducing noise and simplifying the data

44. Which of the following is NOT a benefit of using PCA?



A) Reducing data dimensions
B) Preserving important information
C) Increasing data complexity
D) Improving interpretability
o Answer: C) Increasing data complexity
45. What type of features does PCA transform the original data into?
o A) Correlated features
B) Random features
C) Uncorrelated features
D) Redundant features
Answer: C) Uncorrelated features

O O O O

O O O O

Building a Recommendation System

46. What type of data is crucial for building a recommendation system?
o A) Static data
o B) User interaction data
o C) Random data
o D) Synthetic data
o Answer: B) User interaction data
47. Why is scalability important in recommendation systems?
o A)To limit the number of users
B) To ensure the system can handle increasing amounts of data and users efficiently
C) To increase computational cost
D) To complicate the model
Answer: B) To ensure the system can handle increasing amounts of data and users
efficiently
48. What is one common approach to improving recommendations over time?
o A)lgnoring user feedback
o B) Updating the model based on user interactions and feedback
o C) Keeping a static model
o D) Reducing data input
o Answer: B) Updating the model based on user interactions and feedback
49. Which matrix factorization technique is often used in collaborative filtering?
o A) Principal Component Analysis (PCA)
o B) Singular Value Decomposition (SVD)
o C) Linear Regression
o D) Naive Bayes
o Answer: B) Singular Value Decomposition (SVD)
50. What does the user-item interaction matrix represent in a recommendation
system?
o A) Noise in the data
B) Correlation between items
C) Preferences or interactions between users and items
D) Random data points
Answer: C) Preferences or interactions between users and items

o O O O

o O O O

These questions cover key concepts in feature generation and selection, recommendation
systems, dimensionality reduction techniques like PCA and SVD, and practical
considerations for building user-facing data products.



