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Lecture 1.1: Exploratory Data analysis (EDA) 
 
1. Introduction 
à Data Science lifecycle 
 

1. Question/problem formulation 
- Bad: can I build… / What is the precision of… 
- What do we want to know about the model? 
- What is the scientific goal? 
- What problem(s) are we trying to solve? 
- What are the hypotheses we want to test? 
- What are our metrics for success/evaluation? 

2. Data acquisition and cleaning 
- What data do we have and what data do we 

need? 
- How were the data sampled? How will we 

sample more data? 
- Is our data representative of the population 

we want to study? 
- Are there privacy (or other) issues? 

3. Exploratory Data Analysis (EDA) 
- How is our data organized and what does it contain? 
- Do we already have relevant data? 
- What are the biases, anomalies, or other issues with the data? 
- Are there patterns that I can detect in the data? 
- How do we transform the data to enable effective analysis? 

4. Prediction and inference 
- What does the data say about the world? 
- Can I build, fit and validate a model about the world using this data? 
- How robust are our conclusions and can we trust the predictions? 
- What does accuracy of model mean? + what does missing accuracy mean? 

5. Communicate and visualize 
- What did we learn? 
- Does it answer our questions or accurately solve the problem? 
- Do the results make sense? 
- Can we tell a story? 

 
2. Exploratory Data Analysis (EDA) 
à Key properties in EDA 

1. Structure: shape of the data 
- Rectangular data: rows = samples, columns = features. Easy to manipulate. 
- Tables: different types, need a language. 
- Matrices: same type, need algebra. 

 
2. Granularity: how fine is each data point 

- What does each record/sample represent? 
- If the sample is a group, how was it aggregated? 

 
3. Scope: is the data incomplete? How much? 

- Does my data cover my area of interest? Check for missing data. 
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- Is my data too expansive? 
- Does my data cover the right time frame? 

 
4. Temporality: how is the data situated in time? 

- When was the data collected? 
- What is the meaning of time? (When event happened or when data was collected) 
- Be careful with time zones à use datetime library in py. 

 
5. Faithfulness: how well data captures reality? 

- Check if the data contains unrealistic or incorrect values 
- Check if the data violates dependences (ex: bday and age don’t match) 
- Check for spelling errors 
- Check for falsification (repeated names, fake emails) 
- Missing/default values: 

o They look like: “ ”, 0 , 999, 12345, NaN, null, 1970, 1900, … 
o Check first the context (man wouldn’t have a ‘being pregnant feature’) 
o How to handle missing values? 

§ Ignore the records (bad when percentage is high) 
§ Fill in missing values manually (tedious, infeasible) 
§ Fill in missing values automatically: 

• A global constant (ex: unknown or new class) 
• The mean of all samples 
• The mean for all samples belonging to the same group 
• The most probable value (predict it by building a model) 

à Summary 
1. Examine the data (date, size, organization, structure) 
2. Examine each feature. 
3. Examine correlations. 
4. While doing all of this, also: 
- Visualize/summarize the data 
- Validate the assumptions 
- Identify anomalies 
- Apply data transformations and corrections 
- Record what you do so you remember decisions 
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Lecture 1.2: Visualization 
 
1.  Effective Visualizations 
à What do visualizations help us with?  

- Identify hidden patterns and trends 
- Formulate/test hypotheses 
- Communicate any modeling results 
- Determine the next step in analysis/modelling 

 
à Properties  

1. Graphical integrity 
- Plot all data 
- Be proportional and use appropriate scales 
- Show data variation 
- Detailed labeling 
- Area principle: violated when in pie chart the areas are not proportional. 

 
2. Keep it simple 
- Make simple and clear plots 
- Lie factor: size of the graph should be directly proportional to the numerical quantities 
- Jittering is the act of adding random noise to data in order to prevent overplotting in statistical 

graphs. This only helps if you don’t have too many samples. 
- Maximize the data-ink ratio: encourages chart creators to examine if all elements (colors, legends, 

labels, images, annotations, effects) in the chart are relevant to the chart’s message. If they are 
not, you should remove it. 

 
 
 
 

3. Use sensible design 
- Use color strategically and only if it adds information 

o Quantitative variables: don’t use color 
o Ordinal data: try varying luminance and saturation 
o Categorical data: don’t use more than 5-8 colors. 

- Avoid rainbow colors 
- Consider color-blind people 

 
4. Use right display 

Depending on what you want to show, there are 
different plots to use 

- Distribution: how a variable or variables in the dataset   
distribute over a range of possible values. 

- Relationship: how the values of multiple variables in the   
dataset relate. 

- Composition: how the dataset breaks down into subgroups 
- Comparison: how trends in multiple variable or datasets   

compare 
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2. What type of visualization to use depending on type of variable?  
à Quantitative variables 

- Descriptive Statistics 
o min, max, median, and mean 
o Marginal distribution:  
o Five-number summary: min, max, median, Q1 and 

Q3.  
 
 
 
 
 
 
 
 
 

- Histograms (NOT categorical variables) 
o Different bins tell different stories (one bin per value or bin as ranges of values) 
o Distribution 

§ Skewed right:  a lot of values on the left, median < mean.  
§ Skewed left: a lot of values on the right, median > mean. 

o Mode: value that appears the most  
§ A hump or a high-frequency bin (unimodal, bimodal, multimodal) 
§ mean – mode = 3 * (mean – median)  

o Quantiles: describe what percentage of the observations in a sample have smaller value 
§ 25th percentile = 25% of the data are under that value 

o Standard Deviation (std)  

§ 𝑆! =
"∑ (!!%!̅)"#

!$%

(%)
 n= data pints  

§ quantify the amount of variation or dispersion of a set 
of data values. 

§ If all values increase/decrease by same, std doesn’t 
change.  

§ C < A < B  
 

- Outlier detection 
o Histograms 
o Boxplots: Outside IQR = Q3 – Q1 

§ Q1: the value under which 25% of data 
points are found when they are arranged in 
increasing order.  

§ Q3: value under which 75% of data points 
are found when arranged in increasing 
order. 
 
 
 

Left skewed  Right skewed  
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à Covariance and Correlation 

- Measure of how much two variables change together. 
- Assumptions 

o there must be a true underlying linear relationship between the two variables. 
o the variables must be quantitative. 

- Properties 
o outliers can strongly affect the correlation 
o interchanging x and y does not change the correlation neither 

changing x and y units 
o has no units 

 
 

- Correlation formula: 
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3. Plots for EDA based on type of variable 
 

 
 
 

Ideally go for scatterplot, line plot assumes relationship. 
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KDE plot à 
 
 
 

For comparing categorical 
variables: stacked barplot  
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Ex: how many people survived? 
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4. What type of plot/chart to use? Suggestions 
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Lecture 2: Data Collection and Sampling 
 
1. Sampling 
à Key Concepts 

- Population: group from which you 
learn about. 

- Sampling frame: list from which the 
sample is drawn (ex: people who 
completed the survey: participants of 
a class).  
o If it is the group of people that 

we want, then is equal to the 
population of interest.  

- Sample: subset of the sampling 
frame 
o Often used to make inferences about population. However, the sample should be 

representative of the population. 
o How you draw the sample affects accuracy. 

- Sources of error: 
o Chance error: when a random sample varies from what is expected. 
o Bias: systematic error in one direction. 

- Types of Samples 
 
 
 
 
 
 
 

 
 

 
2. Bias 
à Types of bias 
 
 
 
 
 
 
 
 
 
 

3. Basics about Statistics 
à Statistics 

1. Descriptive: describe or summarize features of a dataset. 
2. Inferential: learn about the population from which the data was sampled by deducing properties of 

the underlying probability distribution from sampled data. 

 Convenience sample Quota sample 
What? Whoever you can get 

ahold of 
First specify your desired breakdown of 
various subgroups and then reach those 
targets 

Example  Sample individuals in your town and you 
may want the age distribunon of the 
sample to match that of your town’s census 
results 

Good? No, is source of bias  

 Selecnon Bias Response Bias Non-response Bias 
What is it? Systemancally 

excluding/favoring 
groups 

When people don’t 
respond truthfully 

When people don’t 
respond 

How to avoid it Examine the 
sampling frame and 
the method of 
sampling 

Examine nature of 
quesnons and 
method of surveying 

Keep surveys short 
and be persistent 
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o Example: The week before an election, it is not possible to ask every voting person who they 
intend to vote for. Instead, a relatively small number of individuals are surveyed. The hope 
is that we can determine the population's vote from the surveyed results. 

o It attempts to learn about the population from which data was sampled.  
 
à Data distribution and Random variables 

1. Empirical distribution: based on observational data. 
o e.g. think about your answers to a poll. It shows us values and proportions. 

2. Probability distribution: gives model for how the sample is generated.  
o e.g. think about what the polling of a student in class would be. 

3. Random variable: variable that takes numerical values based on some probabilities. 
 
à Random Variables 

1. Discrete 
- Probability Mass Function (PMF) 
- Distribution types 

 
 
 
 

 
o Bernulli: probability distribution of a random variable which takes the value 1 (success) with 

probability p and the value 0 (failure) with probability q = 1-p. 
o Binomial: discrete probability distribution "summarizing" the outcome of n Bernoulli random 

variables.  
§ For simplicity, take p = 0.5 so that the Bernoulli distribution describes the outcome of a 

coin. For each flip, the probability of heads is p (so the probability of tails is q = 1-p). But 
we don't keep track of the individual flips. We only keep track of how many heads/tails 
there were in total.  

§ So, the binomial distribution can be thought of as summarizing a bunch of (independent) 
Bernoulli random variables. 

 
2. Continuous 
- Probability Density Function (PDF): cannot be less than 0.  
- Cumulative distribution function (CDF): cannot be less than 0, nor bigger than 1.  

The probability that a normal random variable takes values in interval [a,b] is given by: ∫ 𝑝𝑑𝑓*
+ . 

Which gives as a result the area under the curve 
 

- Distribution types 
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o Normal: a random variable can take any real value, but some numbers are more likely than 
others. 
§ Computing the CDF for between 𝜇 − 𝜎 and 𝜇 + 𝜎, 𝜇 − 2𝜎 and 𝜇 + 2𝜎, and 𝜇 − 3𝜎 and 

𝜇 + 3𝜎 

 
§ Normal Probability Plot 

• Used to check if a given sample data comes from a normal distribution. 
• the sorted data are plotted vs. values that are selected to make the points look close 

to a straight line if the data are approximately normally distributed. 
• Deviations from a straight line suggest departures from normality. 

 

 
 
4. Hypothesis Testing 

- P value: probability that a particular statistical measure will be greater than or equal to the 
observed results. 
o Is the probability of the observed statistic given that the null hypothesis is true.  

- Confidence level: how confident we are that our conclusion is correct.  
- Significance level: probability of rejecting the null hypothesis when is true.  

o If you reduce it, the region of acceptance gets bigger (reduce power of test), so you are less 
likely to reject H_0.  
 

à One Sample Hypothesis testing  
- Checking if a random variable comes from a certain distribution? 
- Performed when we have one population and a sample is drawn from that population to be 

tested.  
- Central Limit Theorem (CLT)  
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o Used to approximate probabilities since any random variable sampled many enough times 
will be normally distributed. 

o Used in hypothesis testing to check if sampled data belongs to a certain probability 
distribution 

o Example:   
§ H0: the coin is fair so p = 0.5 
§ HA: the coin is unfair so p ≠ 0.5 
§ Significance level: 𝛼 =1% 
§ Steps: 

1. Collect a random sample of data from the population of interest. In this case, flip 
the coin 1000 times and count the number of heads. It turns out to be 545. 

2. Assuming the null hypothesis is true, compute how likely it is to see a number 
that is at least as extreme or more extreme as the number obtained from the 
random sample. This is called the p-value. In the coin flipping we might say that 
any result >= 545 and <= 455 is 'as or more extreme'.  

a. P(455 < x < 545) = F(545) – F(455) = 99.5%  so The probability of seeing 
545 heads using a fair coin is 0.05. 

3. Check with significance level. Since 0.05 < 0.1, H0 is rejected and the coin is 
unfair. 
 

- Hypothesis testing formulation 
o 𝐻+: hypothesis that we want to validate. 
o ∝:	  Significance level 
o 𝑃,+-./: smaller the P, stronger 𝐻0 
o 𝑃,+-./ <	∝ à reject 𝐻0 

 
- One and two- sided hypothesis testing: 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
- Normal Probability plot: sorted data are plotted vs calculated values that show the deviation of 

the data from the norm. 
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Deviation from a straight line in plot suggest departures from 
normality. 
Higher z values represent more variation from norm. 
 
 

- Z-test:  
o Same process as before (hypothesis testing using CLT) but for means. In particular, it tests 

whether the sample mean is statistically different from the true mean of the population, 
given hypothesized value.   

o Steps: 

 
o Example 

 
 

- Student’s t-test 
o When is small, the Central Limit Theorem can no longer be used. In this case, if the samples 

are drawn from an approximately normal distribution, then the correct distribution to use is 
called the Student's t distribution with n-1 degrees of freedom. 

o For a sample size greater than 20 (or 30 or 40), the normality assumption of the student’s 
distribution is generally accepted as reasonable. 

 
 
 
 
 
 

Ex: If Tesla has z-score = +2.2  
means that Tesla achieves gains 
2.2 standard deviations better 
than average car. 
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à Two Sample Hypothesis testing  

- Performed to compare two samples from two different populations (or treatment groups) and 
determine whether there is a statistically significant difference between the two populations or 
treatment groups A and B. 

- Quantitative variables 
o Compare the means of the two populations. 
o Two sample t-test 

§ When we have 2 independent samples, we compare the means with a two sample -
test (this is more robust to small sample sizes than z-tests). 

§ Assumptions 
• independent observations 
• normally distributed responses within each group (or sufficiently large 

sample size). 
§ H0: 𝜇1 =	𝜇2 
§ HA: 𝜇1 ≠	𝜇2 

 

§ 𝑑𝑓 = 𝑛2 + 𝑛3 − 2 
§ Compare value in the t-distribution using alpha and df. If our t-statistic is smaller 

than this value then H0 is rejected 
- Categorical variables 

o Compare the proportions of the two populations. 
o Two sample 𝑧-test 

§ H0: 𝑝1 =	𝑝2 
§ HA: 𝑝1 ≠	𝑝2 
§ When we have 2 independent samples of a binary categorical variable, we compare 

the proportions (i.e. percents) with a two sample 𝑧-test.  
§ Assumptions 

• independent observations 
• normally distributed responses within each group (or sufficiently large 

sample size). 
 

 
 
 
 
 
 
 
 
 

 
 

§ Find 𝑝̂ = 4&
4&54'

𝑝6 +
4'

4&54'
𝑝7 , 𝑞9 = 1 − 𝑝̂ , and 𝑍 = 8&%8'

"89:9; %
(&

5 %
('

<
 

§ Find the p-value = 1 – CDF of norm (z), if it is smaller than the significance level then 
the null hypothesis is rejected. 
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à Other tests  

- A/B Testing 
o A/B testing is a method of comparing two or more versions of an advertisement, webpage, 

app, etc.  
o We set up an experiment where the variants are shown to users and random and statistical 

analysis is used to determine which is best.  
o AB testing is the de facto test for many business decisions (e.g. if search results click through 

increases by having an underlined link). 
 

-  𝝌𝟐 test for independence 
o Correspondent of descriptive statistics for quantitative variables to measure the association 

between categorical variables. 
o H0: the two categorical variables are independent. 
o HA: the two categorical variables are not independent. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
o The larger the 𝜒> value, the greater the probability that there really is a significant 

difference. 
 

- ANOVA test 
o Used to compare more than 2 means of quantitative variables. 
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à Summary of Hypothesis Testing methods 

 

 
Types of error in hypothesis testing 

• A type I error is the incorrect rejection of 
a true null hypothesis (a "false 
positive"). 

• A type II error is incorrectly accepting a 
false null hypothesis (a "false negative"). 
Depending on the application, one type 
of error can be more consequential than 
the other. 

• The probability of making a type I (false positive) error is the significance level. 
• The probability of making a type II (false negative) error is more difficult to calculate. 
• Example 

o In vaccine testing, we take the null hypothesis (H0): "This vaccine has no effect on 
COVID19." A type I error detects an effect (the vaccine is effective against the disease) that 
is not present. A type II error fails to detect an effect (the vaccine is effective) that is 
present. 

P hacking 
• Doing enough hypothesis tests to eventually have a Type I (false positive) error but that proves the 

hypothesis. 
• Can prevented using cross-validation. 

Confidence interval 
• A confidence interval is an interval estimate for an unknown population parameter. For example, 

we might use collected data to give an interval estimate for a population mean 𝜇. 
• Considering a sampled mean 𝑋, the CLT tells us that the sample mean is normally distributed with 

expected value 𝜇 and standard deviation 𝜎
√𝑛@ . 

• Then, the 95% CI is 
 

 
 
 
 
 
 
 
 
 

The 95% confidence interval means that if we 
were to repeat the same experiment many times, 
and compute the confidence interval using the 
same formula, 95% of the time it would contain 
the true value of 𝜇.   
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Lecture 3: Modeling, Regression, Cross-Validation, Regularization 
 

1. Introduction 
à Modeling Process 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2. Simple Linear Regression (SLR): one feature  
- Regression line: Straight line that minimizes the mean squared error (MSE) of estimation among all 

straight lines. 
- We want to find value that minimizes the MSE (simple: take the derivatives) 

 
 
 
 
 
 

 
 
 
à Loss function 

- They help to measure how good or bad our predictions are by quantifying how good or bad a single 
prediction is. 

- It characterizes the cost, error, or fit from a choice of model or model parameters. 
- Types for each data point: 

 
 
 
 

Which one to use depends on problem. But generally: squared penalizes more (makes errors 
weigh more). And if you have many outliers, squared is ore strict with it because it gives 
higher values. 
In SLR we normally use L2 loss 

 
- Types for entire data set: 

• Average loss/Empirical Risk 
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- Bad loss functions examples 

 
 
 
 
 
 
 
 
 
 

o B: if 𝑦 = 𝑦9 then is undefined / it leads to bigger outputs when the difference is smaller  
o D: it outputs lower values if the difference is bigger 
o A: it might give + or – .  

 
à How to check for a good linear model? Model evaluation  

1. Performance measure: Metrics 
§ Lower values indicate more accurate predictions. 
§ Sum of squared residuals (SSR): this gives any value, and we want smallest possible, so 

knowing how small is small is difficult. 
 

§ Total sum of squares (TSS): the error that you 
have if you have a lazy model (simplest possible, that only 
uses the mean). 

It measures the total variance in data. 
 

§ 𝑅>: How much of the target variable’s variance the model 
explains = 1-(SSR/TSS) 
•  is a proportion so it takes values [0,1] 
• In linear regression this is the same as the correlation (squared). 
• Nearly 1: good model 
• If 𝑅> = 0.612 à the model explains 61% of the variability in the dependent 

variable. 
§ Mean square error (MSE) 
§ Root mean squared error (RMSE) 

 
 
 
 
 

2. Linearity check 
§ by plotting original data, computing correlation and checking for linearity.  
§ The dependent variable (Y) is assumed to have linear relationship with the independent 

variable X. Easy to check with 1 variable but more complex with many. 
§ Avoid multicollinearity among features: because the models assumes independence 

among variables, so having collinearity breaks the assumption.   
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3. Residuals plot  

§ Plot can help you identify patterns in the data that was hard to see in a original plot.  
§ Residuals are assumed to be normally distributed, independent and to have constant 

variance. These assumptions need to be verified with the data. 
§ We cannot talk about outliers from these plots.  
§ Looking into plot of 
§ Types of plots to create: 

 
 

§ You can plot the normal prob. plot of the residuals and see if residuals are normal. 
However, this only makes sense if you have many data points (CLT).  

§ Results:  
• Random distribution of dots around line à  the model is good (ex: linear is good), 

but this doesn’t mean good prediction.  
o Randomness is good around 0 because being all in + would mean that model is 

constantly overshooting. 
• Horizontal line of points at 0 à perfect predictive power  

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

The curvature in Left suggests that model is inappropriate. This could also be said as: the 
regression error is not constant, as is wider at both extremes.  
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à Coefficients 𝛉 
- 𝑓(𝑥) = 	𝜃0 then theta is 

the mean of the total 
because it decreases the 
error.  
 

 
 
 
 
 
 
 
 
 
 
 

- Scatter plot with Regression Line Interpretation 
• 𝑡𝑎𝑟𝑔𝑒𝑡 = 𝛽0 + 𝛽) × 𝑓𝑒𝑎𝑡𝑢𝑟𝑒) +⋯ 
• 𝛽0 is the intercept and represents the effect on the 

target if there are no features 
o If no data is collected for when features=0, 

then 𝛽0 doesn’t mean anything and is just a 
calibration for the equation.  

o It shifts the line up or down.  
o If 𝛽0 = 0 then line needs to pass throw origin.  

• 𝛽) is the coefficient of 𝑓𝑒𝑎𝑡𝑢𝑟𝑒) and, multiplied by 10, represents how much the target changes 
if 𝑓𝑒𝑎𝑡𝑢𝑟𝑒) increases one unit.  

 
4. Multiple Linear Regression: more than one feature 

 
 
 
 
 
 
 
 
 
 
à Interaction Term 

• 𝑡𝑎𝑟𝑔𝑒𝑡 = 𝛽0 + 𝛽) × 𝑇𝑉 + 𝛽> × 𝑅𝑎𝑑𝑖𝑜 +
𝜷𝟑 × 𝑹𝒂𝒅𝒊𝒐 × 𝑻𝑽 

• Interaction term is 𝛽@ × 𝑅𝑎𝑑𝑖𝑜 × 𝑇𝑉, which express the combined effect of Radio and TV together 
• Given that 𝛽@ = 0.0011 and 𝛽) = 0.019, for every unit increase of TV, the target increases by 

0.019 + 0.0011 × 𝑅𝑎𝑑𝑖𝑜_𝑢𝑛𝑖𝑡𝑠 
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à Gradient descent 
- Algorithm to estimate parameters and find best solution (minimizing error).  

 
 
 
 
 
 
 
 
 
à How to correct for adding to many predictors (features)? 

This decreases if there is no significant gain in the performance 
after adding a predictor. 
p: number of predictors 
n: number of samples 

 
 
à Multiple Linear Regression Plot interpretation  

- When features’ relationships overlap, the p-
value of the worse feature will be non-zero 
(so not significant), whereas the relevant 
feature will be significant. 

- The model will perform better without this 
feature. 

- In this case, Radio and Newspaper overlap 
and Newspaper is the redundant feature.  

 
 
 
 
 
 
 
 
 
 
5.  Feature Engineering 

- Process of transforming raw input into informative features that can be used in modeling or EDA. 
 

à One-hot encoding: 
- When you have categorical variables (ex: gender, ethnicity, gender) and you want to include them 

in the regression model. 
- Two categories (female, male):  

o you can add a new feature ‘Gender_num’ 
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- If you have more options (Asian, Caucasian, African American): 
o Ordinal  

§ Category1=0, Category2=1, Category3=2 
o Not ordinal 

§ Asian = {0,1}, not_Asian = {0,1}, Caucasian = {0,1}, not_Caucasian = {0,1} 
§  you should create a column per option -1 (you always need one less variable) as you use 

it as baseline. 
You still need to 
create the column, 
but you do it with 
inbuilt 
pd.get_dummies 

6.  Hypothesis testing  
- Assuming that there is a known relationship 𝛽0 and 𝛽)  between the true target y and the true 

features x 
 

- Considering our dataset as a sample from these true x and y, an error 𝜀A  is introduced into the 
sample. Assuming that it comes from a normal random variable with zero mean and variance 𝜎>. 

 
- The aim is to test whether our “sampled” dataset have a relationship between x and y 

o Hypothesis: 
 
 

 
- If we fail to reject H_0 then the variable has little influence.  
- The test statistic is t is computed as: 
- From the formulas:  

o SE: standard error  
o The bigger the noise (represented by 𝜎>), 

the bigger the SE 
o The bigger the variance (represented by 

∑ (𝑥A − 𝑥̅)>(
A%) ), the smaller the SE 

- Under the assumptions of the null hypothesis, the test statistic is distributed according to the t-
distribution with n-2 degrees of freedom. The p-value is computed as the probability of observing a 
value as extreme as |t|. A small p-value is interpreted to mean that there is an association 
between the independent and dependent variables 
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7. Non-linear in Linear Regression model  

- Non-linearity can be introduced in a Linear Regression Model by increasing the power of the 
features 
 
 
 
 
 
 
 
 
 
 

 

- As the degree of a model increases, R^2 becomes larger (you can prove that this is always true if 
you add more predictors), but at some point, error will increase too.  
o Degree is not the same as the number of features/predictors, it refers to complexity. 

- However, the p-value, as you increase the degree might become larger à showing that a strong 
relationship between variables doesn’t exist. 

- When in ties, choose simplest model (Occam’s razor)  
 
8. Cross-Validation 

- Is a method that asses how the results of a 
predictive model will generalize to an 
independent testing set. 

- Idea method 
o Split data into training  (normally 70-90%) 

and testing (validation set)  à Holdout 
Method 

o Train a variety of models on training. 
o Check the accuracy of each model on the 

testing dataset. 
o Determine which model is best. 

- As we increase complexity of model à 
validation error (test error) decreases but then 
increases 

 
à Variance and Bias  

- Bias: error caused by simplifying assumptions built into the method.  
How good prediction of model is depending on what I have?  
o Low bias: low prediction error, better accuracy.  

- Variance: how much the model will change based on the sampled data. 
o Low variance: if data changes, the model doesn’t.  
o High variance: not adapting well to unseen data. (Overfitted model) 

- Cases:  
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o If we increase model complexity à variance increases, and bias decreases.  
o If we add more samples, coming from the same stationary distribution as original data à 

variance decreases. 
  

à Generalizable models 
- Model that does not only perform well on the training dataset but on similar data that the model 

hasn’t seen yet (training).   
 

à Validation split 
- Hyperparameter: value that controls the learning process (ex: degree of the model equation).  
- To determine quality of a hyperparameter, we train on training set (one time per parameter), and 

then calculate model’s error on validation set à check the quality.  
- Because doing it with the same data for all parameters might be biased, we do K-Fold Cross 

validation: 
 

• K-fold cross validation 
o We calculate the quality of 1 parameter on k datasets (subsets from original).  
o Quality of hyperparameter = average of 

the k sets errors.  
o Repeat process if you have other values 

for the hyperparameter.  
 

o Example on the right is for one 
hyperparameter, ex: alpha = 0.1  

 
 

o If k increases: each model is trained on a 
larger training set and tested on a smaller test 
fold. This leads to a lower prediction error as the 
model sees more of the available data. 

 
9. Regularization: controlling overfitting 

- We make something regular by adding information which creates a solution that prevents 
overfitting. The “something” we’re making regular in our context is the  “objective function”, 
something we try to minimize during the optimization problem. 

- Uses idea of -constraining our parameter search space- by adding a penalty term to the risk or 
error, so that a smaller subset of the entire data is chosen or given importance to.  
o Bigger ball: you will find optimal solution. 
o Smaller ball: closer/more similar values for the parameters 
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à When to use regularization?  
1. When bias in model is too low: we use regularization because we want to add some bias into our 

model to prevent it overfitting to our training data. 
2. Model variance is too high: means that model is not adapting well to unseen data (maybe for 

overfitting?)  
3. If you have linearly dependent features 
4. Weights are too large. 
5. Training error is 0  

 
à Influence of lambda  

- Higher λ à  
o Increase regularization.  
o Likely decrease variance.  
o Likely increase bias. 
o Likely reduce error in test set 
o Likely increase error in train set   
o Reduce overfitting.  
o Reduce weights (L2) or reduce number of 

features (L1) 
 
 
à Type of regularization 
 

Type L2 Regulariza-on L1 Regulariza-on 
Also called Ridge Regression Lasso 
Shape of 
constraint  

Circle around origin.  Rombo around origin. 

Find the thetas 
that minimize 

 
      First part of equa3on relates to error.       First part of equa3on relates to error. 

IntuiHon Bigger lambda: smaller radius of ball, as it makes it more 
regularized. 

For very big lambda à all weights go eventually to 0. 
 

Outliers?  It’s not robust to outliers. 
The squared terms will blow up the differences in the 
error of the outliers. The regularizaHon would then 
aUempt to fix this by penalizing the weights. 

Robust to outliers. 
 

Before using it  Standardize the 
predictors using the 
formula:  
 

 

What does it 
do? 

Combats overfiYng by forcing weights to be small, but 
not making them exactly 0. Which means that less 
significant features sHll have some influence over the final 
model. 

It’s a form of feature selecHon, because when we assign 
a feature with a 0 weight, we’re mulHplying the feature 
values by 0 which returns 0, deleHng the significance of 
that feature. 

Sparse? L2 regularizaHon returns a non-sparse soluHon since the 
weights will be non-zero.  

If the input features of our model have weights closer to 
0, our L1 norm would be sparse (= many weights are 0).  

Example When predicHng the value of a house,  different input features won’t have the same influence on the price. It’s likely 
that the neighborhood or |rooms| have a higher influence on the price than the number of fireplaces. 
L1 regulariza[on technique assigns the fireplaces feature with a zero weight, because it doesn’t have a significant 
effect on the price. We can expect the neighborhood and the number rooms to be assigned non-zero weights. 
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10. Summary of regression models 
In all we are predicting real numbers Y 
Standardization isn’t needed in OLS, but it is in L2 and L1 
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Lecture 4: Classification (1) 
 
1. Difference Regression and Classification 

- Regression: Continuous output 
In the case when we want a binary classification, linear regression might do a good job, however, 
the y value might be out of label range (ex: 0.2). Also, it is more sensitive to outliers. 

- Classification: categorical output 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
2. Classification 
à Types 

1. Binary: y is either 0 or 1. 
2. Multiclass: y can be many classes (ex: image labeling = cat, dog, car) 

 

3. Logistic regression 
à What is it? 

- The curve (orange) tells you the probability of the x_i being y_classification à classification.  
- Is a generalized linear model.  
- Is a binary classification method.  

 
à Model 

- Aims to model the probability of an observation belonging 
to class 1, given some set of features. 

- How to get there? 
o INITIALLY: A line will take many values between 0 and 

1 and outside this range, whereas a logistic line (S 
shape) will tend to output more 0 and 1 values and 
predict much better. 

o To plot a logistic curve, we plot the average output for 
a bin’s size (x) which corresponds to the probability of 
an observation belonging to class 1, given a feature:  
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o After this, the non-linear S curve is transformed 

into it looks linear à fit it as best possible. 
§ This probability function needs to be 

transformed into a linear function to be 
able to use linear regression (maintaining 
its probability aspects: output between 0 
and 1) 
§ The logistic curve models 𝑃(𝑌 = 1|	𝑥) 
§ Instead, we compute the odds of such 

event which is defined as the ratio of 
the probabilities of an event happening 
vs. not happening (Odds 2:1 means the 
event happens with probability 2/3) 

§ Taking the log of the odds returns a 
linear combination of x and θ, which is 
the assumption of Logistic Regression 
 

𝑙𝑜𝑔 j
𝑝

1 − 𝑝k = 𝑥B𝜃 

 
 
 
 
 
 

 
- Prediction: 

 
 

 
 
à Loss function 

- We cannot use MSE loss, instead:  
- Cross-Entropy Loss 

o If the true label is 1, we want the predicted probability to be as close to 1 as possible. à 
Penalize small predictions (around 0) 

o If the true label is 0, we want the predicted probability to be as close to 0 as possible. à 
Penalize large predictions (around 1) 

 
 
 
 

o For one data point, we write is like this: 
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- Average Cross-Entropy Loss/Empirical risk: 
 
 
 
 
 
 
 
à Minimizing	𝜃	l  
 
 
 
 
 
 
 
 
 
 
 

- You can use linear regression to find the coefficients.  
- Model: find the estimate 𝜃m that minimizes the average cross-entropy loss: 

 
 
 
 
 

o 𝜃 is a vector that can contain multiple 𝜃𝑠. They represent the number of features: 
§ 1 feature 𝜃 = 2 (intercept + feature), 2 features 𝜃 = 3. 

o 𝜃0: Controls where curve moves (left or right) // 𝜃): Controls how steep curve 
 

 
 
 



 37 

 
 
 
 
 
 
 
 

𝜃0 + 𝜃)𝑥 

 
 
 
à Regularization 

- If we regularize 𝜃0, you need to consider that its role is to shifts.  
Find  𝜃  that minimizes: 

 
 
 
 
 
 
 
 

 
4. Logistic regression: for more than one variable and/or classes 

- If you increase the number of samples for one of the classes, making the labels become unbalanced 
then you should ensure that the probability of the class (for the samples just added) is higher. This 
is the cause because the number of samples is way higher so you should ensure that most of the 
get correctly classified (reduces overall error).  

- Multiple predictors: 
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- Multiple classes: 

 
5. Evaluation metrics for classifiers 
 

Metric Intuinon Formula Comments 
Accuracy What propornon of 

points did our 
classifier classify 
correctly? 

 

𝑛 = 𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

-Is not meaningful 
when dealing with 
class imbalance in 
data 

Precision 
 

Of all observanons 
that predicted to be 
1, what propornon is 
actually 1? 

 

+Good even with class 
imbalance 
 

Recall 
TPR 

Of all observanons 
that were actually 1, 
what propornon did 
we predict as 1?  

1 − 𝐹𝑁𝑅 

+Good even with class 
imbalance 

FPR  𝐹𝑃𝑅 = 1C
1C5B4

  
𝐹𝑃𝑅 = 1 − 𝑟𝑒𝑐𝑎𝑙𝑙	  

 

 
à Class imbalance 

- Occurs when there are many more instances of some classes than others. 
- In such cases, standard classifiers tend to be overwhelmed by the large classes and ignore the small 

ones. 
- Accuracy is bad for this 

example: 
 

 
 
 
 
 



 39 

 
 
 
 
 
 
 
à Confusion Matrix 

 
 
 

 
 
 
 

à ROC Curve 
- Plots tradeoff between TPR and FPR 
- We want area under curve (AUC) = 1, but is impossible.  
- AUC = 0.5 is terrible à random 
- Overall, the higher the better. 

 
 
6. Classification threshold 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
à How to choose T? 

- To choose an adequate threshold you can do the model many times with different values of T, and 
calculate it’s accuracy (or any other metric). Choose the point where accuracy is max. Ex: T= 0.57 

- High T: most predictions are 0. 
- Low T: most predictions are 1. 
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à Relationship of TPR and FPR with T 

- T = 0 , or close to 0 àeverything is positive.  
o There are no TN (all of them are FP). → FPR = 1 
o We identified all true 1’s as 1, so TPR = 1 

- T = 1, or close to 1 à everything is negative.  
o There are no FP (all of them are TN). → FPR = 0 
o We identified zero true 1’s as 1, so TPR = recall = 0 

- A decreased TPR is bad. 
- A decreased FPR is good. 

 
 
 
 
 
 
 
7. KNN as classifier algorithm 

- It helps us to have a curvy decision boundary.  
à Idea  

 
 
 
 
 
 
 
 

- Tie breaker: decrease K by 1 until you have max of one class. 
Or take the majority class of entire dataset.  
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à Observations 

 
 

 
 
 
 
 
 
 
 
 

 
 
à KNN vs Logistic Regression 

- K-NN has better performance for good choices of K. 
- Logistic regression is a linear classifier (decision boundary is straight) which can be bad. 
- There exist extensions for logistic regression which allows it to curve. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

K increases K decreases 
Decision boundary becomes 
smoother/straighter but curved 

Decision boundary is wiggly 

Model is not complex Model is complex 
Model has low variance: if the data changes, 
the model doesn’t change much. Why? 
Because there are many neighbors. 

Model has high variance 

It generalizes to new data points: it performs 
well on similar data that it hasn’t seen. 

Since it depends on data, it wouldn’t 
generalize to new data points well. 

Model can underfit data Model can overfit data 
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Lecture 5: Classification (2) 
 
1. Decision trees 
à How to build one? 

- Start with an empty decision tree (undivided feature space) 
- Choose the best split (choose the ‘optimal’ threshold value for splitting ) for the optimal predictor 

(creates a partition of data where the error is minimized). 
o Choose decision that minimizes the error by the largest amount. 
o Calculate the mean error: 
 
 

 
 

o Error: 
§ Regression: squared 
§ Classification: cross-entropy or Gini impurity 

 
- Recurse on each new node until stopping condition is met 

 
à Advantages 

- Simple to explain and interpret (graphical display) 
- Easy to handle categorical predictors (no dummy variables needed) 

 
à Disadvantages 

- They don’t have the predicative accuracy of other approaches as they tend to overfit. 
o Is easy to overfit. 
o How to avoid or improve performance?  

§ Limit the depth of a tree. 
§ Split only when we have more than N samples left à pruning by preventing splits that 

have less than x% of samples.  
§ Use another technique that improves the performance, example: Random forests.  

- Trees are non-robust (sensitive to small changes in the data) 
o They have high variance: not adapting well to unseen data. 

 
à Ensemble Methods based on Decision Trees  

- They have higher accuracy than trees but take longer to train. 
- They use multiple algorithms at the same time and then come to a consensus to predict a 

label/output.  
 

1. Bagging (Bootstrap Aggregating) 
o Relies on randomness. 
o Idea: generate several models (decision trees) based on subsets (sampling with replacement) of 

the data and take the average to get to a correct answer (ex: majority voting). 
o Pros: 

§ High expressiveness 
§ Good to reduce variance: assuming that a sufficiently large number of trees were 

generated. 
o Cons: 

§ The model is not easy to interpretate. 
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§ In practice, the trees tend to be highly correlated (ex: in titanic data, all trees will start 
with sex). 

 
 

2. Boosting 
o This doesn’t rely on randomness but rather it learns from its previous predictions/mistakes.  
o Is a technique (like Regularization) that can be applied to many statistical learning methods.  
o Data is not split. 
o It uses weak models/learners (decision trees) to prevent overfitting since the complexity of the 

overall learner increases at each step and starting with weak learners implies that the final 
classifier will be less likely to overfit.  

o Parameters: 
§ Number of trees: q. 
§ Learning parameter: how much to consider at each new iteration. Typical values = 0.01 

and 0.001. 
§ Number of splits (d) in each tree 

• If d = 1 à Tree is a stump à Model: additive 
o Idea: 
 

 
 
 
 
If iteration 1 has a lower error by not 
applying any decision boundary, then don’t 
create it and just classify the entire data 
set as +.  
 
 

 
o Tasks: 

§ Regression tasks: Gradient Boosting 
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• It models the 
residuals  

 
 
 
 
 
 
 
 
 
 

§ Classification: AdaBoost 
• It adds higher weights to previous misclassifications, so our dataset is constantly 

being changed.  
• To correctly classified instances, it also updates the weights, but all by the same 

value.  
 

• Example of weight update:  
o Since x_1 is correctly classified, the error rate = 1/3.  
o As the error rate < ½, the weights of correctly classified points will decrease 

and the weights of misclassified points will increase.  
o Hence x_2 is correctly classified.  

 
 
 
 
 
 

• Algorithm:  
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o Cons: 
§ It can overfit if the number of trees is too large. 

 
 
2. Random Forests (RF) 

- Better than decision tree as it educed the variance of the model.  
à Idea 

- Is a form of Bagging, with the difference that we build each tree by splitting on a random subset of 
predictors at each split. à Each tree is random.  

- Process is done using 𝑚 =	r𝑝  predictors, where p = total number of predictors. 
- Then we combine the random trees together by averaging their predictions. 
- Hyper-parameters to tune: 

o m 
o total number of trees 
o Minimum leaf node size / Max depth / Minimum samples split 

 
 
 
 
 
 
 
 
 
 
 
 
 
à Advantages 

- Faster to train than decision trees because we are working only on a subset of features in this 
model. 

- They provide the highest accuracy. 
- We can obtain the feature importance. 
- Increasing the number of trees, generally doesn’t increase the risk of overfitting. 

o However, if the number of trees is too large, then the trees might become correlated and that 
increases the variance. 

 
à Disadvantages 

- When the number of predictors is large, but the number of relevant predictors is small, RF perform 
poorly. 
o In each split the chances of selecting a relevant predictor are low. 
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Lecture 6: Timeseries 
 
1. Introduction to temporal data analysis 

- Timeseries: series of data points indexed by time. 
- Temporal data analysis: study of timeseries. 

 
à Problem 

- If correlation is present, then our approaches are not correct (they assume independence). 
 

à Solution 
- We should check timeseries looking for: 

o Trends: increasing and decreasing value in the series 
o Seasonality: repeating short-term cycle in series ex: correlation on December. Sometimes 

include: time of day, daily, weekly, monthy, yearly. 
- And remove them to generate stationarity. 

 
 
à Weak stationarity 

- We want this on data. 
- Timeseries is, if its statistical properties are all constant over time: 

o All datapoints have identical expected mean. 
o All datapoints have identical variance. 
o The autocovariance depends only on lag h.  

- Stationary data have the following properties: 
o No trend 
o Variations around its mean have constant amplitude. 
o It wiggles in a consistent fashion. 

 
2. Visualizing time series 

 

From the plot we can conclude that the time series has a trend and yearly 
seasonality components. We will try to identify them using models: 
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à Computing trend 

- Fit a linear model to the data. 
 
 
 
 
 
 
 
 
 

 
à Computing seasonality 
 
 
 
 
 
 
 
 
 
3. Stationarization 

- Remove trend and seasonality. 
- What is left: Residual, should meet the properties of stationarity. 

- Other techniques to consider: 
 

A. Differencing 
- You want to difference because it helps achieve stationarity, as it removes non-stationarity beyond 

just trend (ex: also non stationarity variance).  
- How many times to apply it? Observe the series after each iteration and repeat until it appears 

stationary.  
- Use if we know that there is a trend, but we cannot accurately estimate it, then one way to correct 

for the trend stationarity would be to try differencing (FD). 
 

- Seasonal growth can be corrected using log transformation or seasonal differences. 
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B. Box-Cox Transformation 

- Helps suppress variance by transforming non-normal dependent variables into a normal shape. 
- If after applying it, data is not stationary, apply C. 

 

C. Smoothing / Moving averages 
 

- Fast moving: smaller window:  more variation + follows the time series 
- Slow moving: bigger window: you see less details about the micro-changes in the time series. 

 
4. Stationarity of time series checks 
A. Visual check 

- You want to see that mean and std don’t change. 
 

 
No stationary 

 
 
 
 
 
 
 
 
 

Stationary 
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B. Statistical tests 
 

 Augmented Dickey-Fuller (ADF) Kwiatkowsky-Phillips-Schmidt-Shin (KPSS) 
Idea If data has unit root (drasnc change) 

then is not stanonary. 
Test is used to test for a unit root. 

Checks if nmeseries is stanonary around 
the mean (or the trend). 
If variance = 0 then random process is a 
constant so then is stanonary. 

𝐻0  There is a unit root Time series is level stanonary or trend 
stanonary (stanonary around a 
determinisnc trend) 

𝐻6  There is no unit root There is a unit root 
Results ADF> crincal value à reject 𝐻0 

So the unit root is not present and 
the nme series is stanonary. 

KPSS > crincal value à reject 𝐻0 
So the nme series is non-stanonary. 

Disadvantage  High rate of type 1 error: tends to reject 
𝐻0	too oYern. 
To deal with this, combine ADF and KPSS 
as they are complementary. 

 
C. Correlogram 

- Correlogram is a plot where the autocorrelations (𝑟D)  are plotted against k. 
- 𝑟D = 𝐴𝐶𝐹	 

o 𝑟0 = 1 
o Bands = 95% significance level. We want 𝑟D to be within it. 

§ When data is obtained from pure random, the probability of a 𝑟D laying outside is 0.05. 
§ Values outside bands: gives evidence against pure randomness. 
§ The probability of getting at least one 𝑟D outside the bands increases with the number of 

coefficients plotted. 
o 1 or 2 𝒓𝒌 outside the bands can be ignored, but 3 or more mean no stationary. 
o If you see that the ACF ‘dies out’ slowly, it means that there’s a strong trend. 

 
- Idea:  for a purely random series, the given data cannot help predicting a new datapoint. Therefore, 

the correlation between x and x’ is close to cero. 
 
 

 
 
 
 
 

- Sample ACF the empirical estimate of ACF.  
- Plots: 
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Original data:       Residual data: 

 
Non-stationary data: 

 
 
5. Autoregressive models as a baseline 

- To predict future values, we look into building a regression model, but we should make sure that 
points in correlogram are not correlated, and if they are we should ‘partial out’ their effects on 
each other to get the unique contribution of each time-lag. 
 

à Partial Autocorrelation Plot (PACF) and Autocorrelation Plot (ACF) 
- shows correlation between x and x’ after removing the linear relationship of all operations between 

x and x’. 
- Lag = 0 is always 1 for PACF and ACF because it’s the series correlated with itself.  
- Lag = 1 is the correlation when there is no partial effect yet, so ACF and PACF are the same.  
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ACF 
 
 
 
 
 
PACF 
 
 
 
 
 

 
 
6. Autoregressive Integrated Moving Average (ARIMA) Model 

- d is chosen iteratively.  
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à Determine AR/MA parameters  
- After fitting ARIMA model, we need to determine whether AR (autoregressive) or MA (moving 

average) terms are needed to correct any autocorrelation that remains in the series.  
- By looking into ACF and PACF we can choose the values:   

 
To find p all the statements need to hold in AR model.  
 
 
 
 
 

 
 
7. Results 
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Lecture 7: Storytelling & Effective communication 
 
1. Fundamental questions 

- What is the goal? 
o Predict future data? 
o Explain and understand a phenomenon? 
o Test a hypothesis? 
o Compare two groups? 
o Dimension reduction? 
o Build a good recommendation system? 
o Decide on a course of action or a policy? 

- Who cares? 
 
2. IMAC 

- Helps us organize what we do. 
 
 
 
 
 
 
 
 
 
 
 
 

 
3. Ethical considerations 
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Lecture 8: Dimensionality reduction 
 
1. Dimensionality reduction 
à What is it? 

- Process of reducing number of features in a dataset. 
- Is part of exploratory analysis: we are not predicting anything but rather exploring data. 
- Is unsupervised learning (goal: discover interesting things about data). 

o Supervised goal: learn how to predict response. 
- Goal: understand structure of data and reduce the number of features. 
- It could be applied as: 

o Feature selection: pick subset of available features. If some of your variables are one-hot-
encoded, it would make sense to either turn them all on or off.  

§ Forward Selection: start with one feature.  
• Find the best model with only one and then move to models with 2 (keeping the 

one best fixed), etc.    
§ Backward Selection: start with a model with all, and reduce them one by one.  

o Feature extraction/transformation: data is transformed from a high dimensional space to lower. 
Most common method: PCA. 
 

à Why do it? 
- Computational: compress data saves time/space. 
- Remove redundancies: correlated features should be removed. 
- Visualization: help understand structure of the data. 
- Helps to detect anomalies/outliers. 

 
à How does it work? 

- Given a dataset, put it in matrix structure, where: 
o Rows = items = samples = N 
o Columns = features 
o Rank = Dimensionality = d = number of linearly independent columns. 

§ One outlier is enough to change the rank of matrix, as you cannot obtain one column 
from other. 

§ If columns are width, height, area, and perimeter (2w+2h). 
Rank = 3 because area is not linear combination. 

§ Dimensionality reduction can remove this outlier. 
 

- If one dimension/feature can be 
derived from other then we don’t 
need it to describe the data, ex: 
Rank = 1 

 
 
 

 
 
2. Matrix Factorization or Matrix decomposition 

- Is the opposite of matrix multiplication: 
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- It decomposes a matrix into 2 separate ones. 

o There exist infinitely many such decompositions. 
o There exist many sizes of matrix that would result in same result (dimensions). 

 
3. Singular Value Decomposition (SVD) 

- Technique to automatically decompose a matrix into 2 matrices. 
- It works by finding W or UΣ, such that it minimizes: 

 
 
 
 

 
à Components 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

- If column of UΣ has only 0s, you can drop it, and the row from V	B. This won’t affect result X. 
o This is related to unnecessary columns because:  rank < features. 
o To have a perfect reconstruction of X: 
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If this doesn’t hold, you get approx. values. 
 

- Orthonormal set if: 
o All of the vectors are unit vectors, i.e. have length 1. 
o All of the vectors are orthogonal à dot product of row with itself = 1, and with another = 0. 
 

à Singular values (Σ) 
- Always non-negative. 
- Beyond rank are set to 0. 
- They represent how valuable the principal component of that column will be. 

o ith singular component: how much of the variance is captured by the ith principal component. 
 

 
 
 
 

 
 
 
 
 
 

= Trace 
 
 

 
 
 
 

N: data points or samples  
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à Scree plots and Variance Fraction Arrays 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
à SVD: geometric interpretation 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
à Making predictions from Decomposed Matrices  

- Keep in mind: If we wanted to put this kind of system into production, we first would have to create 
a training and validation set and optimize the number of latent features (k) by minimizing e.g. the 
Root Mean Square Error. Intuitively, the Root Mean Square Error will decrease on the training set 
as increases (because we are approximating the original ratings matrix with a higher rank matrix). 

- Matrix can also be negative but we prefer positive because then value is more interpretable.  
- Example: 
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o L1 and L2 come from UΣ 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
4. Principal Component Analysis (PCA) 

- Before looking into it, data must be centered (remove mean) and standardized (mean = 0, std = 1). 
- Process of transforming data into new coordinate system such that the greatest variance occurs 

along the first dimension, second along second dimension, and so on. 
- Dimensions are independent to each other (not correlated). 

o If data has only 2 dimensions/features à PC1 and PC2 will capture 100% variance.  
à Goal 

- Identify patterns in data. 
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- Detect the correlation between variables: if a strong correlation exists, reducing the dimensionality 
makes sense. à Removes correlated dimensions.  

- Finding the direction of maximum variance and projecting them onto a smaller dimensional 
subspace while retaining most of the information. 
 

à How’s does it work? 
1. Center (each column has mean 0) or Standardize (center and each column has std = 1) the data. 

o As PCA maximizes the variance along the axes, it makes sense to standardize the data, especially 
if it was measured on different scales. 

2. 𝑆 = 𝑋′𝑋 
X’: 𝑀𝑎𝑡𝑟𝑖𝑥,+FA+(G/ 
X: 𝑀𝑎𝑡𝑟𝑖𝑥GH,+FA+(G/	J	GHFF/-+KAH( 

 
 
 
 
 
 
 
 
 

o Trace of S = sum of the diagonals of the variance-covariance matrix 
Represents the total variance in the data. 
 

3. Obtain the eigenvectors and eigenvalues (not the same as singular value) from S 
o Find eigenvalues of S (magnitude): represent the variances of the coordinates on each principal 

component axis. 
o Sum of all eigenvalues = trace of S 
o Each eigenvector (direction) consists of values which represent contribution of each variable to 

the PC axis à ‘loading’ 
§ Eigenvectors are independent (uncorrelated) between them. 
§ Eigenvalues of eigenvectors show how much of the total variance, they explain. 
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4. Sort eigenvalues in descending order and choose the k highest. 
o How to choose them? Calculate Explained Variance 

§ Tells us, from the eigenvalues, how much information can be attributed to each principal 
component. 
• Eigenvalue^2 / N 

5. Construct W: projection matrix. 
o This matrix transforms the data onto the new feature subspace. 

 
6. Y = XW 

 
 
 
 
 

7. To know how much information we will lose, we can calculate the “Reconstruction error”: 
 
 
 

 
à Order of steps 

 
 
 
 
 
 

à Loadings and Eigenvectors 
- Loadings: correlations between variables and the 

principal axes. 
- Each element of the eigenvectors represents the 

contribution of a given variable to a component. 
 

 
 
 
 
 
 
 
 

 
 
 
 
 



 61 

à Usage of PCA 
- Denoising images: by reconstructing image with PCAs. 
- Face recognition: by extracting eigenfaces (representation of basis: compresses most important 

features of image) and then comparing them with new data. 
o If you try to project a new face (not from the training) then the model won’t be able to recreate 

it. 
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Lecture 9: Interpretability 
 
1. How do we gain trust? 
 

 Interpretable models Accuracy A/B tesnng 
Example Linear/logisnc 

regression, decision 
trees, EBMs 

  

Pro easy to explain and 
people can see how 
decision is taken 

 Gold standard 

Cons o�en not accurate 
enough and with 
complex decisions 
the tree grows huge. 
 

Unreliable: data leakage, 
changing environment, 
training data is not the same 
as real world 

Expensive and tricky to 
interpret 

 
- Models can be split into Interpretable or agnostic (SVM, Neural network). 
- In interpretable models we are interested in inner working. 
- In explainable we are interested into why decisions were made. 

 
2. Interpretable models: why are the following methods interpretable?  
à Linear regression 

- We use coefficients to find which features are the most important. 
 
 
 
 
 
 
à Logistic regression 

You can interpretate the importance of a predictor by calculating the 
𝑜𝑑𝑑𝑠 = 8FH*	H3	L.G/LL

8FH*+*A-AKM	H3	3+A-.F/	
 , and seeing how the value changes. 

 
 
 
 
 
 
 
 
Ex: if odds = 4 then it means that prob of having class 1 is more likely by 4 
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à Decision trees 

- We get feature importance based on the splits. 
o Gini: value calculated at each split; parent node has higher value. 

- Feature importance can be calculated as: normalized total reduction of the criterion used for the 
split (Gini). 
o Keep in mind that feature importance is based on training set. 

 
3. Model-agnostic methods: these types of methods can be interpretated using. 
 
à Permutation feature importance 

- Feature importance is calculated: measuring the increase of the prediction error when you permute 
the feature’s values. 

- You calculate the prediction error twice: before and after the permutation. 
- Important feature: higher difference between prediction errors, because the model depends on 

this feature. 
 

à Partial Dependence plots (PDP) 
- Help see relationship between target and features. 
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- Not so good because: 

o You force all the instances to have the same feature value. 
o The plots can be misleading if you only have a small amount of instances that have a certain 

feature value. It’s better to include data distributions in your plot, so you can see if the data are 
equally distributed. 

o It is assumed that features for which you compute the partial dependence are independent. So 
they shouldn’t be correlated with other features. You can also easily miss complexity of the 
model, because the predictions are averaged. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

à Individual Conditional Expectation 
- More detailed than PDP. 
- Show how the prediction of each instance (blue line) changes when a feature value is changed. 
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à LIME  (non examinable) 

 
 

- Cons: 
o If you explain the same record twice, the explanations can be different! 
o You can only explain one instance, so it’s not possible to interpret the whole black box model. 
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à SHAP 
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4. Explainable Boosting Machine (non-examinable) 
 
à What are they? 

- Often as accurate as state-of-the-art blackbox models while remaining completely interpretable. 
- Often slower to train than other modern algorithms, EBMs are extremely compact and fast at 

prediction time. 
- The contribution of each feature to a final prediction can be visualized and understood by making a 

plot. 
 

à How does it work? 
1. In first step of iteration use 1 feature and fit a single model tree. 
2. Update the residual (error made in prediction) and move to next feature where you try to fix 

misclassifications. 
3. After all iterations are completed, we calculate the influence of each feature in the final model, and 

we can show it: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 


