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Lecture 1.1: Exploratory Data analysis (EDA)

1. Introduction
-> Data Science lifecycle

1. Question/problem formulation

Bad: can | build... / What is the precision of... L stect Stect
What do we want to know about the model? ‘;
What is the scientific goal? 1 Aska o
. A} data
What problem(s) are we trying to solve?
What are the hypotheses we want to test?
What are our metrics for success/evaluation?
Data acquisition and cleaning
What data do we have and what data do we Understand SR
the World the Data
need? wortslling)
How were the data sampled? How will we
L Reports, Decisions, Solutions

sample more data?

Is our data representative of the population
we want to study?

Are there privacy (or other) issues?

-

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 | 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 | 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)

- 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.



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

‘ . Ducrtjr&
¢ TYyp Of vaudioles < Ruank ethive < 0 orhots
Cakgorica | Quaitartive
* Quuntite Nk var = DUUWPHA st



Lecture 1.2: Visualization

1. Effective Visualizations
- 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

-> 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.

data—ink __ Elements conveying data information
total—ink All elements in the chart
3. Use sensible design Most . _
- Use color strategically and only if it adds information Efficient . oo
o Quantitative variables: don’t use color Length
o Ordinal data: try varying luminance and saturation — ™ Quantitative
o Categorical data: don’t use more than 5-8 colors. Slope Anele
o I~ VIV
- Avoid rainbow colors e B
- Consider color-blind people Qe -
Intensity — Ordered
4. Use right display -
Depending on what you want to show, there are Efo?;Ztnt Color  shape ™\ .
different plots to use cece Oam } Categorical

- 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



2. What type of visualization to use depending on type of variable?
-> Quantitative variables

- Descriptive Statistics Baseball |Basketball| Football | Total
o min, max, median, and mean Male 13 15 20 48\ Marginal distribution
o Marginal distribution: Female 23 16 13 \52 oeender
o Five-number summary: min, max, median, Q1 and Total 36 31 33 100
Q3. Marginal distribution of sports
Left skewed Right skewed
Mean
Median
Mode
.
g I
- |
f :
L Ny
- 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
» 25™ percentile = 25% of the data are under that value
o Standard Deviation (std)
[T1, (i=%)?
N ES — 7 N data pints
= quantify the amount of variation or dispersion of a set
of data values.
= |f all values increase/decrease by same, std doesn’t ,
change. | A' | B C
= C<A<B
- Outlier detection
o Histograms
o Boxplots: Outside IQR=Q3 -Q1
= Q1l:the value under which 25% of data Interquartile Range
points are found when they are arranged in Outliers — Outliers
increasing order. : 4 oo
= Q3:value under which 75% of data points Minjemyrm or Medan o CMaximume
are found when arranged in increasing (25th percentle)  (75th percente
order.




- 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 s T ca

changing x and y units r=1

o has no units

- Correlation formula:

S, -9 ,~7)
VG -5 - 7)

Fxy

I" y, = correlation coefficient between X and )
X §= the values of X within a sample

y = the values of )’ within a sample
} = the average of the values of X within a sample

)_’ = the average of the values of )’ within a sample



3. Plots for EDA based on type of variable

=5 QUOM\M e u u\ald}) Ideally go for scatterplot, line plot assumes relationship.

O Une Pl

Alta average monthly snowfall

M i VI‘JJ A

e N\

—— avg monthly snowtat
mean avg montsey snowtall

Ot Wov  Ddec
Honth

® Byt plok: shoney Hi < —paink
N‘“W"a + owtliery

1994 Census Histogra

L

= Cakﬂovicax vaudy
@ Treg-F0lbles - ounk owwrntss

White 27816
Black 3124
Asian-Pac-Islander 1039
Amer-Indian-Eskimo 311
Other 271

@ bar had

Max 9.1
a3 1.6
Median 7.2
a1 6.7
Min 40

@ MMMJWM {bquohm

Mlp fo ser

1994 Census Histogram

Mode @ moyt MM

@ Pl freg AL

owronun /S UMV'J'&

White
Black
Asian-Pac-Islander
Amer-Indian-Eskimo

Other

@ Ple chet-

0.854274
0.095943
0.031909
0.009551
0.008323

et
r-indian-Eslomo
Asian-Pac-tslander
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™Y
gg L For comparing categorical
* "‘":é variables: stacked barplot
i L - s L ® Clothing ® Equipment ® Accessories
DFOAT e ESY b pu e
s | J s L 1
POTGIRANES l Snas
’Q“ |
8K
o e
G "0“ L “
Wiy gunbialit .
§
& 9

CherrySt.  Strawberry Mall Peach St. Lime Av. Apple Rd.

Cordoth 0
(@ olhon / \ \/V‘a'(‘\m/

« To use corr, there must be a true underlying linear relationship between the two variables.

« The variables must be quantitative.

« Outliers can strongly affect the correlation. Look at the scatterplot to make sure that there are no strong outliers.
« corr > () --> positive association, corr < () --> negative association

« =1 <= corr <=1 ™ gew G S gy,

« Interchanging x and y does not change the correlation.

« corr has no units.

does not affect corr — Recaws i+ olt?e.da oM mwaan

Hulh'?u NA\vaMs Bbctol-dx

140

o '
120 : ' . !

wl

Percent

= Irts_Setosa
= Iris_Virginca

KDE plot 2>

Probability Density
o
o
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What can go wrong (and will)

In

Don't make a histogram for categorical data!

10000 30000 50000 70000 90000
Policy Number

Don’t look for shape, center and spread in a bar chart

Choose a histogram bin width appropriate for the data

Do a reality check (don’t blindly trust calculators or your computer ** A mean student age of 193 years old is nonsense. ** A (human) heart pulse cannot
be 800 bpm

Beware of outliers, the mean and standard deviation are sensitive to outliers.

Use a histogram to ensure that the mean and standard deviation really do describe the data.

Don’t compute numerical summaries for a categorical variable (e.g. the mean Social Security number is meaningless)

Don't do line plots when not appropriate .
P tﬂ’ﬂﬁ¥ cLO'*kﬁis

: : i impuy LOARLLD,
- oo e it doeort wuke
: : e
K 0 /
- 5
§o §s

00 yearois T2-yoaroos Toyenoa Toyearoics

[7]:

# manual to allow for jitter

g = sns.JointGrid(data = data, x = "mean radius", y = "malignant")
g.plot_marginals(sns.histplot)

g.plot_joint(sns.stripplot,

orient='h', order=[1, 0],
color=sns.color_palette()[0])

(g.ax_joint).set_xticks([10, 15, 20, 25])
plt.show()
-llIIIIIIIIII-_ - Puter
~— Malignant
L) —
1 o ot o, . o Benign
S, P s. |
= 2
2
=]
g
s 2 =
L ad
L -
L) . Yo
10
10 15 P % 0 L I.
mean radius 10 15 20 %
mean radius
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This is a clear example of over-plotting. We can improve the above plot by jittering the data:

Ex: how many people survived?
vuL|oj: 9
3B/ sornded 3r/ an "L

Survived / Pclass Sex / Age SibSp Parch Fare

count 891.000000 /891.000000 891.000000 ,891.000000 891.000000 891.000000 891.000000

mean 0.383838 2.308642 0.352413° 29.699118 0.523008 0.381594  32.204208

13



Chart Suggestions—A Thought-Starter

14

Variable Width Table or Table with Bar Chart Column Chart Gircular Area Chart Line Chart Column Chart Line Chart
Column Chart Embedded Charts W.
s | o ==
ol ==
o 1
_ | ! | ! | !
Many ltems Few Items Cyclical Data Non-Cyclical Data Single or Few Caregories Many Caregories
Two Variables Many | T | | . | [ _ J
per Irem Own»wo:nm Few Ov_ﬁmcamm Many _«nzcmm Few _u_n:omm
T
One <m1m—w_n per Item _
| Over Time
Among [tems
| Column Histogram
_ Few
n: . Single UJS =
Qi‘\ﬂﬂ.ﬂh@ﬂu Variable | Points
Scatter Chart Two _
Variables
. . gTDH <<OC_& you . . . Line Histogram
Relationship — like to show? — Distribution ——— Many
1Ke to show: Dara —
Points >
Bubble Chart
0 9 as
o OO — Composition Scatter Chart
°00 O Variables Two
f————— Variables —
Changing Staric
Over Time 3D Area Chart
Three
Few Periods Many Periods ~————— Variables —
_ km@
| | | | ] | |
Only Relative Relative and Absolute Only Relative Relative and Absolute Simple Share Accumulation or Components
Uﬁn..n:n_mm Marter Umm.n_.m:n_nm Matter U:mm_.gnmm Matter Uﬁmqm:n_mm Matter Omﬁoi_ Subtr wnln“: to Toral of Oo...,"_vos.w::
Stacked 100% Stacked Stacked 100% Stacked Area Chart Pie Chart Waterfall Chart Stacked 100% Column Chart
Column Chart Column Chart Area Chart with Subcomponents

HHEH | | hEs|| B i

4. What type of plot/chart to use? Suggestions



Lecture 2: Data Collection and Sampling

1. Sampling
- Key Concepts

Popu|ation: group from which you Census What we think we have What we actually have

learn about.

Sampling frame: list from which the

sample is drawn (ex: people who

completed the survey: participants of

a class).

o Ifitis the group of people that
we want, then is equal to the

population of interest. Sampling frame
Sample: subset of the sampling Sample
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

Convenience sample Quota sample
What? Whoever you can get First specify your desired breakdown of
ahold of various subgroups and then reach those
targets
Example Sample individuals in your town and you

may want the age distribution of the
sample to match that of your town’s census

results
Good? No, is source of bias
2. Bias
- Types of bias
Selection Bias Response Bias Non-response Bias
What is it? Systematically When people don’t | When people don’t
excluding/favoring respond truthfully respond
groups
How to avoid it | Examine the Examine nature of Keep surveys short
sampling frame and | questions and and be persistent
the method of method of surveying
sampling

3. Basics about Statistics
-> Statistics

1.
2.

Descriptive: describe or summarize features of a dataset.

Inferential: learn about the population from which the data was sampled by deducing properties of

the underlying probability distribution from sampled data.

15



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.

-> 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.

- Random Variables

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

Distribution f(x) Support Mean Variance

Bernoulli (p) p*(1 — p)t—= 0,1 p p(1—p)

binomial(n, p) (n) p*(1—p)"* i1 PR np np(1— p)
X

o Bernulli: probability distribution of a random variable which takes the value 1 (success) with
probability p and the value 0 (failure) with probability g = 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: f; pdf.
Which gives as a result the area under the curve

- Distribution types

Probability density

Vari
Name hone Mean ariance
1 5
Uniform ——, 0<x<b a+b (b=a)
a<x<b fx)=1b-a 2 12
0, otherwise
Exponential )= de™™, x20 1
x>0 0, otherwise A A
il ~(x-uf ‘/ ;
Normal flx)=——e /20 y7i e
—0 < X< 40 N27o

16



o Normal: a random variable can take any real value, but some numbers are more likely than

others.
= Computing the CDF for betweeny —ocandu + o, u — 20 and u + 20, and u — 30 and
u+ 3o
This means that 68% of the time, this normal random variable will have values between y; — g and y + 0.
Similarly, 95% of the time the normal random variable will have values between i — 20 and iy + 2¢ and 99.7% of the time between i — 3¢ and y + 30.
68% 95% 99.7%
-3 -2 -1 0 +1 +2 +3 -8 -2 -1 0 +1 +2 +3 -3 -2 -1 0 +1 +2 +3

=  Normal Probability Plot
e Used to check if a given sample data comes from a normal distribution.
e 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.
e Deviations from a straight line suggest departures from normality.

Ordered value:

Ordered values

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_O.

- 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)

Central Limit Theorem. Let { X, ..., X,,} be a sample of n random variables chosen identically and independently from a distribution with
mean . and finite variance . If n is ‘large’, then

n

® the sum of the variables Z X, is also a random variable and is approximately normally distributed with mean 74t and variance no’ and
i=1
n 5

¢ the mean of the variables " Z X is also a random variable and is approximately normally distributed with mean /1 and variance o
i=1
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Used to approximate probabilities since any random variable sampled many enough times
will be normally distributed.
Used in hypothesis testing to check if sampled data belongs to a certain probability
distribution
Example:

= HO: the coinis fairsop =0.5

= HA: the coin is unfair so p # 0.5

= Significance level: a =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, HO is rejected and the coin is

unfair.

- Hypothesis testing formulation

o

O
O
O

H,: hypothesis that we want to validate.
«: Significance level

Pyaiue: smaller the P, stronger H,

Paiue < X =2 reject Hy

- One and two- sided hypothesis testing:

zcurve

P-value = area in upper tail

=l_(p‘\:i_)nom-04{:

1. Upper-tailed test
H, contains the inequality >

Calculated z

zcurve
P-value = area in lower tail

2. Lower-tailed test = d(7)
H, contains the inequality <

Calculated z
P-value = sum of area in two tails= 2[1 — ®(lz])]

zcurve

. Two-tailed test

|95}

H, contains the inequality #

Calculated z, —z

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

18



Deviation from a straight line in plot suggest departures from X — %
normality. Z; = —
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:
* |dentify the parameter of interest and describe it in the context of the problem.
* Determine the null and alternative hypotheses.

* Choose a significance level . Ex: If Tesla has z-score = +2.2
* Find the formula for the computed value of the test statistic, e.g., means that Tesla achieves gains
X—pu 2.2 standard deviations better
= o/\/n (use the CLT). than average car.

* Using the sampled data, compute the P-value, e.g., F(z)
* Compare the significance level to the P-value to decide whether or not the null hypothesis should be
rejected and state the conclusion in the problem context. Report the P -value!

o Example

Question: Does this data provide compelling evidence for concluding that the population mean zinc mass exceeds 2.0 grams, as reported by the company?

Let i denote the true average zinc mass of such batteries. We take :he null hypothesis :o be
Hy: <20
and that the alternative hypothesis is
H,:u>20.

We set a significance level of, say, « = 1%

According to the CLT, the sample mean X has approximately a normal distribution with mean i = 2.0 {Assuming H)) and standard deviation .S/ \/ﬁ We could
proceed as previously but it is more standard to normalize the variable.

To proceed, we conduct a z-test, which is the same as we did in the previous example, except now we use :he normalized Z -statistic,
X =20

Siy/n

The Z-statistic is distributed according to the "standard* normal distribution with mean i = 0 and standard deviation ¢ = 1.

Assuming H, to be true, how unlikely is it that we would observe such a large value (X = 2.06)?
o
P —value = P(X = 2.06) = P(Z > 3.04) = fix)dx =1~ F(3.04). = .0012.
J3
Because the P-value = .0012 < .01 = a. the null hypothesis should be rejected at the chosen significance |evel. We conclude :hat :he average zinc mass in the
batteries exceeds 2.0.

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 asample size greater than 20 (or 30 or 40), the normality assumption of the student’s
distribution is generally accepted as reasonable.
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-> 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
e independent observations
e normally distributed responses within each group (or sufficiently large
sample size).
* HO:pp = uy
* HA:up # uy

Then the t-statistic f = ‘"—%\’ is expected to follow a 1,,;, (nf, nyy ) — 1 distribution so i can use that one to compute the p-value.

Sh S§

\"I(W'v)
* df =ny+ns—2
= Compare value in the t-distribution using alpha and df. If our t-statistic is smaller
than this value then HO is rejected
- Categorical variables
o Compare the proportions of the two populations.
o Two sample z-test
* HO:pr = pu
* HA:pr # pu
=  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
e independent observations
e normally distributed responses within each group (or sufficiently large
sample size).

We make the following definitions:

« N, is the number of surveyed people from population A
« n, is the number of successes from population A
« ps = ny/N 4 is the proportion of successes from population A

Similarly, we define

« Np is the number of surveyed people from population B
« npg is the number of successes from population B
« pp = ngl/Nyp is the proportion of successes from population B

We make the null hypothesis:
Hy: ps and pp are the same, that is, p4 — pg = 0.
That is, the proportion of successes in the two populations is the same.

Ng A4 _
Npg+Np Pp. 4= 1 P and Z = ﬁ“(L.FL)

u Flndﬁ = Da +

Na+Np

=  Find the p-value = 1 — CDF of norm (z), if it is smaller than the significance level then

the null hypothesis is rejected.
20



- Other tests

A/B Testing

(@)

A/B testing is a method of comparing two or more versions of an advertisement, webpage,
app, etc.

We set up an experiment where the variants are shown to users and random and statistical
analysis is used to determine which is best.

AB testing is the de facto test for many business decisions (e.g. if search results click through
increases by having an underlined link).

x? test for independence

(@)

O
O

(@)

Correspondent of descriptive statistics for quantitative variables to measure the association
between categorical variables.

HO: the two categorical variables are independent.

HA: the two categorical variables are not independent.

Formally, the »? test for independence can be calculated as follows:

H,: the 2 categorical variables are independent
H ,: the 2 categorical variables are not independent

The value of the statistic (based on the contingency matrix) is:

2§ (Obs — Exp)*

o Exp

all cells
where:

Obs is the observed cell count (as read from the matrix) and
Exp is the expected cell count (iff independent), i.e. Exp =

rowtotal x columntotal
n

The p-value can then be calculated based on a xj f=(r—1)x(c—1) distribution (r is the # of rows and c is the # of columns}.

The larger the x2 value, the greater the probability that there really is a significant
difference.

ANOVA test

(@)

Used to compare more than 2 means of quantitative variables.

H,: the mean response is equal in all K groups.
H ,: there is a difference in mean response somewhere among the group.

Z::] N (,-. _,-’):

F= K-1
T =)o}
n-K

where:

ny. is the sample size in group k,

Yk is the the mean response in group k,

o}, is the variance of responses in group k,

n, Y, o (without indices) are the same as above but for the overall sample

The p-value can then be calculated based on a Fdf1=(K-1),df2=(n-K) distribution.
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- Summary of Hypothesis Testing methods

Variable type # Groups Classic approach

Quantitative 2 t-test
>> 3+ ANOVA
Binary (proportions) 2 z-test
>> 3+ ,{/2 test
Categorical 2+ )(2 test
T f errorin h hesi in
ypes of erro ypothesis testing . Y
1 1 1 1 able of error S
e Atypelerroris the incorrect rejection of type VadTae | SrvaldTales
a true null hypothesis (a "false Reject Type lerror  Correct inference
positive"). Judgment of Null Hypothesis (Hp) (False Postive) | (True Posive)
L. . Fail t ect Correct inference  Type Il error
e Atypell erroris incorrectly accepting a o (True Negative) = (Faise Negative)
false null hypothesis (a "false negative"). Type | = True Ho but reject it (False Positive)
Depending on the application, one type Type Il = False Hy but fail to reject it (False Negative)
of error can be more consequential than

the other.
e The probability of making a type | (false positive) error is the significance level.
e The probability of making a type Il (false negative) error is more difficult to calculate.
e Example
o Invaccine testing, we take the null hypothesis (HO): "This vaccine has no effect on
COVID19." A type | error detects an effect (the vaccine is effective against the disease) that
is not present. A type Il error fails to detect an effect (the vaccine is effective) that is

present.
P hacking
e Doing enough hypothesis tests to eventually have a Type | (false positive) error but that proves the
hypothesis.

e Can prevented using cross-validation.

Confidence interval
e 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 pu.

e Considering a sampled mean X, the CLT tells us that the sample mean is normally distributed with

. . O'
expected value i and standard deviation /\/ﬁ The 95% confidence interval means that if we

e Then, the95% Cl % _196-% < 4 < X+ 196-2. were to repeat the sarT]e expgriment maimy times,

n v/n | and compute the confidence interval using the
same formula, 95% of the time it would contain
the true value of .
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Lecture 3: Modeling, Regression, Cross-Validation, Regularization

1. Introduction
- Modeling Process

How should we
represent the world?

1. Choose a model

2. Choose a loss How do we quantify
function prediction error?

3. Fit the model
of our model given

our data?

How do we evaluate
whether this process gave
rise to a good model?

4. Evaluate model
performance

How do we choose  Find e purams
the best parameters ot moddl javsdve

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)

Model SLR y=a+ bx
Loss Function | L2 L(y,9) = (y—9)?
n
1
R(a,b) = —Z(y,- — (a + bx;)*
n
i=1
Fit model Calculus 4=1—bx
- o
b=r-2
O
Evaluate model R2, RMSE, Linearity checks

- 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:

* Squared Loss (L2 Loss) * Absolute Loss (L1 Loss)

Ly, ) = (y — 9)* L(y,

9) =y — 9l

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:
e Average loss/Empirical Risk

23



Given dataD = {(z1. 1), (x2.2), . . ., (Tnoyn)}:

R(6) = 1 3 Ly i)

- Bad loss functions examples

K y—y \4 1 N 0.9
B 1 o G- L
y—y 40 U 5
) "
C (y-9) 3 \Q
—(y—1)? 1
p € =Y C%;%\)_

o B:if y = y 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 —.

-> 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.

SSR=Y (yi = Bo— Bix)*.
» Total sum of squares (TSS): the error that you i= o~ s

have if you have a lazy model (simplest possible, that only TSS = i;(y,- -
uses the mean).

It measures the total variance in data.
2 1= ﬁ
= RZ:How much of the target variable’s variance the model TSS
explains = 1-(SSR/TSS)

e isa proportion so it takes values [0,1]

e Inlinear regression this is the same as the correlation (squared).

e Nearly 1: good model

e IfR? = 0.612 = the model explains 61% of the variability in the dependent

variable.

= Mean square error (MSE)
= Root mean squared error (RMSE)

(actual price of house — predicted price of house)*

]) \[ \']* Z shouses in test set
| W DAY =
\

# of houses in test set

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

e = Yi — Yi
= Types of plots to create:

« aplot of ¢; with respect to x;. This allows us to compare the distribution of the noise at different values of x;.
« ahistogram of ¢;. This allows us to explore the distribution of the noise independent of x;, or a plot of ¢; with respect to fitted values (y;)

= 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:

e Random distribution of dots around line 2 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.

e Horizontal line of points at 0 = perfect predictive power

Residual Plot for Linear Fit

@ residuals

Zero error ... ) o
>
o
’ . ° .. * o
« * L, O[5 Ol0 &
4 ® e 4 o . : o
J e °° o ®e =
.
o_o L ) .
. e 0% ST o..o 1
e o! - ~ o ®
@ 0 e‘ ® _: .. - ..:. .e - ¢ 1
] ° ]
1 (ISR = = ©
& “?. ee* ‘.... . X 4 . &
. - =
.’ . o :. 10
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—~ [} 1) L] = °
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(]
- °
¢ II
0
8 2 -4

Residual Plot for Linear Fit

2 0 2 4

residuals
Zero error

6

0 50 100 150 200 250 00
x values Value bins
Which one is a better fit? Note that these are plotting residuals vs. fitted values.
Versus Fits Versus Fits
(response Is EnergyConsumption) (response Is %Fat)
309 10.0
not random, W+ pick & 2
7.54
‘,U-Wl‘n ee
204 e .
5.04 . .
. ° w * 4 °
] . 8 25 » e
; 10 . ° % o ¢ ; % e LR : . o.
] -, by o
o ° ° L « 00 'y > ag
o . L]
» .
: i e¥he. o,
L . i . UA‘ q y) @ Y . .
- . * . . .
. ., . e o Upore hantk 5.04 . [ .
* .
-10-
T T T T T T T T
5 6 7 8 9 10 1 20 25 30 35 40 45
Fitted Value Fitted Value

A. Left
. Right

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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- Coefficients 0

- f(x) = 6, thenthetais
the mean of the total
because it decreases the

Suppose we fit the following linear regression models to predict total. Based on the data and
visualizations shown in the block introduction, determine whether the fitted model weights are positive
(+), negative (-), or exactly 0. The notation meat=beef refers to the one-hot encoded meat column with
value 1 if the original value in the meat column was beef and 0 otherwise. In the next question shortly

error justify your answer.

« f(X)=06
Weight of +

o« f(X)=6y + 6;- 1'6g2
Weight of +

80 is the mean of total, which is positive

60 is the total when veg~2=0 is positive

(@)

Weight of 6, + 61 is positive as total increases when veg (or its square) increases

Weight of 90,' +
Weight of 0} |
Weight of 65 |

4

f(x)=00 + 61-(meat = beef)+ 6 - (meat = chicken)
1 60 is the total when meat=fish which is positive
{ 01 is the difference between total when meat=beef and total when meat=fish,

which is negative

ive

meat = fish)

1 82 is the difference between total when meat=chicken and total when meat=fish,

f(x)=00 + 61-(meat =beef)+ b - (meat = (‘lli(’l\"z}r,zish—isg;ga(t

Weight of | not enough info This model is an extension of the previous model, however 83 is not needed.
Weight of #;| not enough info There are thus an infinite number of possible combinations of 80, 81, 62, 83.

Weight of #5 | not enough info
Weight of #3| not enough info

- Scatter plot with Regression Line Interpretation
e target = By + By X feature; + -+
e [, is the intercept and represents the effect on the
target if there are no features
o If nodatais collected for when features=0,
then 5, doesn’t mean anything and is just a
calibration for the equation.
o It shifts the line up or down.
o If By = 0 then line needs to pass throw origin.

Sales (Thousand units of product)

We cannot say for sure what they will be.

Extra credit from P (in the exam):

100 150 200
TV budqet (Thousands of dollars)

e [, 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

Model Multiple Linear . ;I)l 1 T11 T2 T1p
Regression Y — X@ U2 1 291 x99 X9 B
Loss Function | L2 Loss R(e) 1 | |Y XH | ‘ 2 . 1 » 0,
MSE — — 2 Ys| = T31 T32 T3p .
Fit model 1. Calculus A T —1~T : : :
2. Numerical 1 9 — (X X) X Y ?} 1 T T ()p
Methods COAlt+1) _ plt) ~ 5 n Tnl  Tn2 Tnp
L0 =4 — avL(0, X, §)
Evaluate model Adjusted R2, Visualize A~
- Interaction Term Prediction vector Design matrix Parameter vector

e target = By + 1 X TV + B, X Radio + R"™ R () R®+
P3 X Radio X TV
e Interaction term is 3 X Radio X TV, which express the combined effect of Radio and TV together

e Giventhat f3 = 0.0011 and 5; = 0.019, for every unit increase of TV, the target increases by
0.019 + 0.0011 X Radio_units



-> Gradient descent
Algorithm to estimate parameters and find best solution (minimizing error).

gradient of the avg. loss function evaluated at current 8

/'

Next value for ®

9: Model weights
L: average loss function

a: Learning rate
y: True values from training data

-> How to correct for adding to many predictors (features)?
This decreases if there is no significant gain in the performance

adj R2=1-— (1I- Rz)(n — 1) after adding a predictor.
' n—p-—1 p: number of predictors
n: number of samples

-> Multiple Linear Regression Plot interpretation

5.

g+ = 1 — aV,L(0, X, )

Watiand
r o

\')(l\

0
8
MSE ©
4
2
2
5 13
©, 4
o 0.
°

S
0 o <

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

Sales (units of product)
=
&

e Radio
* Newspaper

In [15]:

print(advert.corr())

pd.plotting.scatter matrix(advert, figsize=(10, 10), diagonal='kde')

plt.show()

TV Radio Newspaper Sales
TV 1.000000 0.054809 0.056648 0.782224
Radio 0.054809 1.000000 0.354104 0.576223
Newspaper 0.056648 0.354104 1.000000 0.228299
Sales 0.782224 0.576223 0.228299 1.000000

Feature Engineering

200 250 300

Ad budget (Thousands of dollars)

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

- 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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1 if i-th person is female

Gender_num; = . .
0 if i-th person is male

Income = f; + f; X Gender_num.

- If you have more options (Asian, Caucasian, African American):
o Ordinal
= (Categoryl=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.
. J 1 ifi-thperson is Asian You still need to
Asian; =4 o0 e rwise : create the column,
1 if i-th person is Caucasian but you do it with
0 otherwise " inbuilt
pd.get_dummies

Caucasian; = {

The value with no dummy variable--African American--is called the baseline.

Hypothesis testing
- Assuming that there is a known relationship 8, and B; between the true target y and the true

features x
y=Pp+ pix

- Considering our dataset as a sample from these true x and y, an error ¢; is introduced into the
sample. Assuming that it comes from a normal random variable with zero mean and variance 2.
Vi = Po+ Bixi + €.
- The aim is to test whether our “sampled” dataset have a relationship between x and y
o Hypothesis: H, : There is no relationship between x and y < f 20 wonk todus prove

H, : There is a relationship between x and y <= f; # 0

- If we fail to reject H_O then the variable has little influence. 2}, -0
T [ = ——
- The test statistic is t is computed as: W
P SEp,)
- From the formulas:
o SE:standard error T (=0 =)

po=y—pX and P, = - —
Po=y—"5 b Y (5 - %7

o The bigger the noise (represented by ¢?2),
the bigger the SE Nz 2 . .2
o The bigger the variance (represented by ~ SE(fy)” = 0" (; + Zzl(\—-?>> and  SE(p)" = Z:M—-U
Y (x; — %)?), 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

Question (poll): p or S Yo Muis
SE(y)* = o (l + I ) and SE(p,)* = __ o
’ no (i = %2 R AN
- e " " . . ” 2
Proposition 1: "The bigger the noise, the bigger the SE @o False? ¢ror 39(4 it o smallar &?«o&; Jh“ PR rﬁ‘fu by
Proposition 2: "As x points are more spread, the bigger the SE" True o ‘tj T on daw 30 Yl xo will
NS tpeod o X oyis s v all

KPS aiuy s mwrvamfrm

4 A NPhAanlba fAav A mnand nAaav manadal
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Oout[14]:

OLS Regression Results /’ m“ﬂ( ”m”& . ‘\'\‘ .!F?(OJ‘“ U&NQH' {‘[Ol q'

N 3
Dep. Variable: Sales R-squared:  0.897 Jo VOt \Aj
Model: OLS Adj.R-squared:  0.896
Method: Least Squares F-statistic: 570.3

Date: Thu, 16 Feb 2023 Prob (F-statistic): 1.58e-96

Time: 10:37:00 Log-Likelihood: -386.18

No. Observations: 200 AlC: 780.4

Df Residuals: 196 BIC: 793.6
el e 00d P>[t| is p value

Covariance Type: nonrobust s M = d
oot sader ¢ »m,a B9 - [0.25 0.975] refer to 95% Cl
Intercept 29389 0312 9422 0000 2324 3554
TV 00458 0001 32.809 0.000 0.043 0.049 R \_ N‘}\‘(’aﬂ omv 'WO((
Radio 01885 0009 21.893 0000 0172 0206 s o )\‘0 M
Newspaper -0.0010 0006 -0.177_0.860 -0.013 0.011 NW \DO\L 0\7\- ? v
N— -~ B

mnibus: 60.414  Durbin-Watson: 2.084

Pfob(Omnibus): 0.000 Jarque-Bera (JB): 151.241
Skew: -1.327 Prob(JB): 1.44e-33

Kurtosis:  6.332 Cond. No. 454.

Mgaha Vol meqw Hok aptmyg mos would gin Lo st0

Notes:
[1) Standard Errors assume that the covariance matrix of the errors is correctly specified.

Interpretation

Spending an additional $1,000 on radio advertising results in an increase in sales by 189 units iff all other spending remains the same (i.e. TV and newspapers).
Radio is the most effective at method of advertising.

In multilinear regression, the F-test is a way to test the null hypothesis,

Hy = all coefficients are zero.
In this case, we see that the p-value for the F-statistic is vanishingly small - indicating that our model is significarc\;. 0 \4<% \ K%Y
Now let's consider the individual coefficients in the model and their p-values. Note that the coefficients for TV and Radio are approximately the same as for simple linear
regression. The coefficient for Newspaper changed significantly. Furthermore, note that the p-value is now very large p = 0.86. There is not sufficient evidence to reject
the null hypothesis that the Newspaper and Sales variables have no relationship.

So then why did the simple linear regression give that there is a relationship between Newspaper and Sales Variables? Newspaper is actually a confounder! (Think about

spurious correlations here). Let's look at the correlations between the four variables. Recall that correlation between two variables is given by
1 n

o uim1 (X = XNy = )

Sy Sy

Fxy =

Plotted below is also a scatter plot matrix, which is a good way of visualizing the correlations.

The correlation between Newspaper and Radio is 0.35, which implies that in markets where the company advertised using Radio, they also advertised using newspaper.
Thus, the influence of Radio on Sales can be incorrectly attributed to Newspaper advertisements!

This leads us to the following linear regression model, where we forget about Newspaper advertisements:

r
Sales = fy + f; X TV_budget + f> X Radio_budget ‘HAA\ S ﬁd M éﬁl m(, p~

A2. Considerations in the linear model: Interaction terms
We can consider the interaction between TV and Radio advertising in the model, by taking
Sales = fy + f; X TV_budget + f, x Radio_budget + f;TV_budget X Radio_budget.

The rational behind the last term is that perhaps spending x on television advertising and y on radio advertising leads to more sales than simply x + y. In marketing this
is known as the synergy effect and in statistics it is known as the interaction effect.

Note: even though the relationship between the independent and dependent variables is nonlinear, the model is still linear.

Another note: If we include an interaction in a model, we should also include the main effects, even if the p-values associated with their coefficients are not significant
(hierarchy principle). The rationale for this principle is that interactions are hard to interpret withouth the main effect.
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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

50
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We consider the linear model

mpg = fy + f; X horsepower + f X horsepower® + -+ + f,, X horsepower?

It might seem that choosing d to be large would be a good thing. After all, a high degree polynomial is more flexible than a small degree polynomial.

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 = 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.

Chosen complexity level

(@}

Idea method & Underfitting / Overfitting >
o Split data into training (normally 70-90%) ) %//A ’

and testing (validation set) = Holdout c

Method =2
o Train a variety of models on training. 2
o Check the accuracy of each model on the o .

. < | Variance —

testing dataset. 5

o Determine which model is best.

- As we increase complexity of model 2>
validation error (test error) decreases but then
increases

- Variance and Bias

Model “complexity”

(e.g., number of features, ball size) 51

- Bias: error caused by simplifying assumptions built into the method.
How good prediction of model is depending on what | 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 = variance increases, and bias decreases.
o If we add more samples, coming from the same stationary distribution as original data 2>
variance decreases.

-> 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).

- 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 = check the quality.
- Because doing it with the same data for all parameters might be biased, we do K-Fold Cross
validation:

e K-fold cross validation
o We calculate the quality of 1 parameter on k datasets (subsets from original).
o Quality of hyperparameter = average of —— Testset
the k sets errors. Ceration i [ i | ‘|’ -
o Repeat process if you have other values
for the hyperparameter. Rerin | | | | |

) 17
Iteration 3 | I | | | |—> Errors | Error = gz Error;

i=1

|
}+ Errory

» Erron,

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

» Error,

Iteration 5 I | | I | |» Errorg

o Ifkincreases: 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.

k=2 K=¢

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

it (ks Let’s return to our 9 feature model from before (d = 9).
?

, -~
Let’s return to our 9 feature model from before (d = 9). 1}y « If we pick a very large ball radius, what kind of model will we

o If we pick a very small ball radius, what kind of model will we have? 9 = 00+ 0121+ . . +00

have? N
ave Yy = 00 + 01.’1,'1+. .o +99£L‘g

A model that only returns zero.

a.
# A model that only returns zero. b. A ConSta”It model.
. Ordinary least squares. —~ normal  weodel
b. A co.nStant model. If the ball is very tiny, our gradient descent is stuck }: Something else
c. Ordinary least squares. near the origin. : g : .
W weight displecement  hA2 howeight ho displacement  weight'2 weightdisplacement  displecements2
d. Somethlng else. o If all parameters are zero including intercept,

model always outputs zero.

o If all parameters are zero except intercept,
model is a constant model (returns mean of the
observations).

31



- When to use regularization?
When bias in model is too low: we use regularization because we want to add some bias into our

1.

b w

model to prevent it overfitting to our training data.

Model variance is too high: means that model is not adapting well to unseen data (maybe for

overfitting?)

If you have linearly dependent features
Weights are too large.

Training erroris 0

- Influence of lambda

Higher A >

o Increase regularization.

Likely decrease variance.

Likely increase bias.

Likely reduce error in test set

Likely increase error in train set

Reduce overfitting.

Reduce weights (L2) or reduce number of
features (L1)

O O O O O O

- Type of regularization

05

04

01

00

Regularization Parameter vs Test R*2

- frain
— test

104 102 10° 10° 10 10° 10°
Regularization strength

Type L2 Regularization L1 Regularization
Also called Ridge Regression Lasso

Shape of Circle around origin. Rombo around origin.
constraint

Find the thetas
that minimize

parameter

/s

(yi — (6o + Ori1+. .. +9p$i,p))2 +A Z 9?

1 n
n i3 =

First part of equation relates to error.

Regularization

1 & P
n D (Wi — (B0 + Orzin+. .. +0,2ip))" + A D |6
i=1 =1

First part of equation relates to error.

Intuition Bigger lambda: smaller radius of ball, as it makes it more For very big lambda - all weights go eventually to 0.
regularized.
Outliers? It’s not robust to outliers. Robust to outliers.

error of the outliers. The regularization would then
attempt to fix this by penalizing the weights.

The squared terms will blow up the differences in the

Before using it

Standardize the

predictors using the Xjj = — -
formula: 7w =t (i = X))
What does it Combats overfitting by forcing weights to be small, but It’s a form of feature selection, because when we assign
do? not making them exactly 0. Which means that less a feature with a 0 weight, we’re multiplying the feature
significant features still have some influence over the final | values by 0 which returns 0, deleting the significance of
model. that feature.
Sparse? L2 regularization returns a non-sparse solution since the If the input features of our model have weights closer to
weights will be non-zero. 0, our L1 norm would be sparse (= many weights are 0).
Example When predicting 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 regularization 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.

32




£? regularization

£* regularization

w2

-4 -3 -2 -1 0 1 2 3 4 -4 -3 -2

10.Summary of regression models
In all we are predicting real numbers Y
Standardization isn’t needed in OLS, but itis in L2 and L1

Regression 2 1 *
Y = X6 gIIY—Xb’II%Jw\IIG I3

Name Model Loss Reg. Objective Solution
Fuachon 1 be w\\‘r\\'mlked
oLs & Squared loss None 1 9 ~ .
Y = X6 —[IY —X6f; foLs = (X'X)7'XTY
Ridge Squared loss L2 «

ORigge = (XTX + n)\I)_IXTY

e

Squared loss L1 1 9 .
=1 — X113+ Alle"l

LASSO Y — XQ

No closed form
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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

Regression (y € R) Classification (y € {0, 1}
Linear Regression Logistic Regression
1. Choose a model . T . ¢ T
y= folxr)=2a"6 Py(Y = 1|z) = o(2" 0)
2. Choose a loss Squared Loss or
function Absolute Loss Cross-Entropy Loss
3. Fit the model Regularization Regularization
Sklearn/Gradient descent Sklearn/Gradient descent
Numerical assessments:
4. Evaluate model RZ MSE Residuals. etc « Accuracy, precision, recall/TPR, FPR.
performance ’ ’ T « Area under curve (AUC), for ROC curves.
Visualizations:

« Confusion matrices.
« Precision/recall curves.
« ROC curves.

2. Classification
- Types
1. Binary:yiseitherOor 1.
2. Multiclass: y can be many classes (ex: image labeling = cat, dog, car)

3. Logistic regression

- What is it?
- The curve (orange) tells you the probability of the x_i being y_classification = classification.
- Is a generalized linear model.
- Is a binary classification method.

- Model
- Aims to model the probability of an observation belonging
to class 1, given some set of features.
- How to get there?

- as
averagey — it

o INITIALLY: A line will take many values between 0 and - ;” * . .
1 and outside this range, whereas a logistic line (S o
shape) will tend to output more 0 and 1 values and g 050
predict much better. 028 /

o To plot a logistic curve, we plot the average output for o 88 - ;,.. -

a bin’s size (x) which corresponds to the probability of
an observation belonging to class 1, given a feature:

mean radius



#(y == 1) in bin

PY=1x)= —>— ~
( 1) # datapoints in bin

o After this, the non-linear S curve is transformed
into it looks linear = fit it as best possible.

1.00

. - . PY=1]|2) 075
= This probability function needs to be P0.50
transformed into a linear function to be 025
able to use linear regression (maintaining odds o0 ="
its probability aspects: output between 0
and 1)
= The logistic curve models P(Y = 1| x) P(Y =1|=z) iz
* |nstead, we compute the odds of such P(Y=0|z) § 5
event which is defined as the ratio of ,
the probabilities of an event happening Take £
vs. not happening (Odds 2:1 means the log
event happens with probability 2/3)
= Taking the log of the odds returns a 2
linear combination of x and 6, which is log (P(Y =1z ) -“; 0
the assumption of Logistic Regression P(Y=0|z) .

P \_,r
log(l_p)—x 0

M.DW*?M [

1

K

lf(p)(())() as being the odds that Y = 1. Note that p(X) is a number between 0

and 1 so that the odds that Y = 1 is a number between 0 and co. If p(X) = 0.5, then odds = 1. We also
have that logit(p(X)) is a number between —oco and o.

Interpretation: We interpret

Prediction:

1,
0,

P(Y =1]x)>0.5
otherwise

classify(x) = {

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

o Ifthe true label is 1, we want the predicted probability to be as close to 1 as possible. >
Penalize small predictions (around 0)
o Ifthe true label is 0, we want the predicted probability to be as close to 0 as possible. >
Penalize large predictions (around 1)
—log (p) ify=1 If p¥ en \ou
Loss(p) = —log(1—p) ify=0
osPsl
o For one data point, we write is like this: _ <y log(p> + (1 _ y) log(l _ p)>
— -
makes !qss fory = 1, only this fory = 0, only this
positive term stays term stays
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Cross-Entropy Loss for one observation wheny =1 Cross-Entropy Loss for one observation when y =0
6 4
3
3, o
g g2
| > _I
0 0
0.0 0.2 0.4 0.6 0.8 1.0
0.0 0.2 0.4 0.6 0.8 1.0
p: Probability that y is 1 p: Probability that y is 1
Fory=1, Fory=0,
e p - 0:infinite loss e p —> 0:zeroloss
e p > 1:zeroloss e p = l:infinite loss
- Average Cross-Entropy Loss/Empirical risk:
n
R(@) — _ﬁ E (yl log(pi) + (1 _ yz) log(l _ pz)) (y;is i-th response, and
i=1

pi is prob. that i-th

1 response is 1)
= Z (yilog(o(X70) + (1 — y;)log(1 — o(X[0)))  (Pi=0Xi0) and
i=1

X;is i-th feature vector)
- Minimizing 8
Putting it all together:

- 1

Estimated probability that
given the features x, the
response is 1

Logistic function ot p1" X
a(270) at the value

The logistic regression model is most commonly written as follows:
S s A T Looks like linear
\(\//— PQ(Y = ]_lfl?) = J(:I: 9) regression. Now
wrapped with a( )!

You can use linear regression to find the coefficients.

Model: find the estimate 8 that minimizes the average cross-entropy loss:
1 n

) : T T

f = argmin — - E (yilog(o (X[ 0) + (1 — y;) log(1 — o(X]'0)))

0

1=1

o 6 isavector that can contain multiple 8s. They represent the number of features:
» 1 feature 8 = 2 (intercept + feature), 2 features 6 = 3.

o 6,: Controls where curve moves (left or right) // 8;: Controls how steep curve
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How do | interpret the coefficient?

* A one unit change in X is associated with a ¢; change in the log-odds of Y = 1 or a one unit change in X is

associated with an ¢’ ! change in the odds that Y = 1.

* 0 shifts the curve right or left and ¢ controls how steep the S -shaped curve is.

*If 0, is positive, then the predicted P(Y = 1) goes from 0 for small values of X to 1 for large values of X and
if 01 is negative, then P(Y = 1) has the opposite association.

6, + 0,x

11 = lambda x: np.exp(0+x)/(1+np.exp(0+x))

12 = lambda x: np.exp(0-x)/(1+np.exp(0+x))

13 = lambda x: np.exp(2+x)/(1+np.exp(2+x))

14 = lambda x: np.exp(0+3*x)/(1+np.exp(0+3*x))
plt.plot(x,11(x),color="black',6label="11(x)") 06
plt.plot(x,12(x),color="green',label="12(x)")
plt.plot(x,13(x),color="red',label="13(x)") 04
plt.plot(x,14(x),color="blue',label="14(x)")

08

02

00

- Regularization
- If we regularize 6,, you need to consider that its role is to shifts.
Find 6 that minimizes:
n

1
_EZ y; log a(XTB)) + (1 —y;)log (1 — g(XTg) + }\Z|g | Lasso (L1)

i=1

1% .
_ E;(J’ilog(d(XzTH)) + (1 —y)log(1 —a(X70))) + AZ 67 | Ridge (12)

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

log< p(X)
1 — p(X)

> =0y + 6, X, +02X2+...+9PX,,

P01 X1 +0, X+ 40, X,

feature 2

p(X) = p(Y = 1| X) = 1 + e00+91X1+92X2+...+9po

37



- Multiple classes:

P(Y = k|X) =

Ooit0u X1 H0 Xo+..H0, X,

IK—I ebor+01 X +0y Xo+...4+0, X,

Each class gets one linear function (as above) and we weigh them against each other (that's what softmax
does). Multiclass logistic regression is also referred to as multinomial regression.

When there are more than 2 categories in the response variable, then there is no guarantee that

P(Y = k) > 0.5 for any one category. So any classifier based on logistic regression will instead have to
select the group with the largest estimated probability. The classification boundaries are then much more
difficult to determine.

5. Evaluation metrics for classifiers

Metric Intuition Formula Comments
Accu racy What proport—ion of accuracy — # of points (:?zl‘ssiﬁ(‘,d correctly -Is not meaningful
points did our # points total when dealing with
classifier classify - TP+ TN class imbalance in
correctly? accuracy = —— data
n=TP+TN+ FP+FN
Precision | Of all observations TP +Good even with class
that predicted tg be_ precision = TP+ FP imbalance
1, what proportion is poakise FP
actually 1? ik TPr Jaa
MU sion &
Recall Of all observations TP +Good even with class
TPR that were actually 1, | recall = TP+ FN imbalance
what proportion did Pt T
we predict as 1?
1—FNR
FPR FPR = ——
FP+TN
FPR =1 —recall

- Class imbalance

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

ones.

- Accuracy is bad for this

example:

Your friend (“Friend 1”):

Frudls=200 [ Spam =5 [ Ham=95

ol 109 as

Classify every email as ham (O),)l ham
95 ;
accuracy; = — = 0.95
100
High accuracy...
...but we detected ! of the spam!!!

Your other friend:

Classify every email as spam (1).

accuracy, = — = 0.05
27100
Low ‘! accuracy...
...but we detected =!I of the spam!!!

|
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precision, = 0 = undefined precision, = 0 =0.05 Many false
Never 1 0+0 ’ 5+9 pOSitiVES!
positive! . - 0 . oealls — 5 . No fal
le(iu, =535 =0 recally = == = 1.0 n:gaati?/ees!
not ﬁe&hﬁ ary vfam
-> Confusion Matrix
Prediction Q
0 1 False positives are “false alarms”: v
> we predicted 1, but the true class was 0. AC OAP
<10 Truea_t?\lg)atlve False(gg)sntlve are “failed detections”: 0 1
>
g we predicted 0, but the true class was 1.
] False negative | True positive %] TU N
) (TP) Predidal
W Wik 0 pagimd
& iA[Fe | TP
- ROC Curve
ROC _CURVE
- Plots tradeoff between TPR and FPR o [FewvecT CoAsanER ——
- We want area under curve (AUC) = 1, but is impossible. 084
- AUC=0.5is terrible = random €
- Overall, the higher the better. g
6. Classification threshold 0 o2 ow o6 o8 0

1 B(Y=1z)>T
0 otherwise

y = classify(z) = {

As we increase the threshold T, we “raise the standard” of how
confident our classifier needs to be to predict 1 (i.e., “positive”).

T=025 T=0.50 T=0.75

Py =1|x)
Ply=
o 2
PlY =1|x)
8 2

These x will all Fewer positives
predict 1

-> 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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Train Accuracy vs. Threshold

0.9

0.8

0.6

Accuracy

0.5

0.4

threshald

- Relationship of TPR and FPR with T

T=0, or close to 0 2>everything is positive.

o There are no TN (all of them are FP). > FPR=1

o We identified all true 1’sas 1,so TPR=1

T =1, or close to 1 = everything is negative.

o There are no FP (all of them are TN). > FPR=0

o We identified zero true 1’sas 1, so TPR =recall =0
A decreased TPR is bad.

A decreased FPR is good. 1 —

= FPR

0.3

Proportion

0.4

0.2

o
o
N
14
B
o
EY
o
@

Threshold

7. KNN as classifier algorithm

- Idea

It helps us to have a curvy decision boundary.

Idea: To decide the class of a given point, find the k-nearest neighbors of that point, and let them "vote" on

the

class. That is, we assign the class to the sample that is most common among its k-nearest neighbors.

Considerations:

1.
2.

We must pick k, the number of voting neighbors (typically a small number, say k=10)
'Nearest' means closest in distance, so there is some flexibility in defining the distance. Can you name
me some of your favorite distance measures?

. There are different ways to vote. For example, of the k nearest neighbors, | might give the closest ones

more weight than farther ones.

. We have to decide how to break ties in the vote.
Euclidean Distance Manhattan Distance

Tie breaker: decrease K by 1 until you have max of one class. B
Or take the majority class of entire dataset. '\T/‘

cosine_distance(u, v) =1- (u.v) / (|lul] lIv]l) | : ;

s '
where: A 2 1 2
* u.vis the dot product of uand v \/(-'71 —22)? + (y1 — y2)? |21 — 22| + 1 — Yol

* ||u]l and ||v|| are the Euclidean lengths (or magnitudes) of u and v, respectively.

Note that the cosine distance ranges between 0 (for identical vectors) and 1 (for

orthogonal vectors), with higher values indicating greater dissimilarity.
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- Observations

K increases K decreases

Decision boundary becomes Decision boundary is wiggly
smoother/straighter but curved

Model is not complex Model is complex

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

It generalizes to new data points: it performs | Since it depends on data, it wouldn’t

well on similar data that it hasn’t seen. generalize to new data points well.
Model can underfit data Model can overfit data
F{MP%DD Md“g k=99 k=50 k=23 k=11 campw{'\y Mu@ ’

T »
£.00 <
y \JCIAUNCL

e

Test Set
.
.

- 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.
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Lecture 5: Classification (2)

1. Decision trees

- 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:

bgared
N —° .
ME= LY o,y ¢ dompl d
N S Ly pedicied
o Error:

= Regression: squared
= (lassification: cross-entropy or Gini impurity

- Recurse on each new node until stopping condition is met

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

-> 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 = 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.

- 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 ldea: 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 modelis not easy to interpretate.
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with sex).

Step 1:
Create Multiple
Data Sets

Step 2:
Build Multiple
Classifiers

Step 3:
Combine
Classifiers

Original
D Training data

~

«— O

~
g

O Se— O <
>
0O > e—

&

3

o

<
le—
le—
le—

2. Boosting

o This doesn’t rely on randomness but rather it learns from its previous predictions/mistakes.

o s atechnique (like Regularization) that can be applied to many statistical learning methods.

o Datais 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: g.

Chest Blocked | Patient Heart
l Pain Arteries | Weight | Disease 1
Yes Yes 205 Yes ’

Yes

No

In practice, the trees tend to be highly correlated (ex: in titanic data, all trees will start

Training Data

Do N times

Bootstrap the data (i.e. sample)
2. Train a new decision tree T,

180 Yes
210 Yes We have {T1, T2, T3, 000p TN}
167 Yes e x ~

Testing Data

156 No Chest Blocked | Patient Heart
Pain Arteries | Weight | Disease
No Yes ?

125 No =
168 No Take a majority vote from {T;, T, T3, ..., Ty}
172 No

= Learning parameter: how much to consider at each new iteration. Typical values = 0.01

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

e Ifd=1-> Treeisastump = Model: additive

o ldea:

> weak e
We have {T;, Ty, T5, ..., T\}

Each T, is:

+ a"weak"/simple decision tree = "sVmp ’

* built after the previous tree

* tries to learn the shortcomings (as given by
errors or residuals) from the previous tree's

predictions

o UK waghe of s dored deder @R

o Tasks:

= Regression tasks: Gradient Boosting

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 +.
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e |t models the

residuals ] o
8 - first tree X203
- second tree
6 - current residuals
4 fitted res
" —— third tree
> 2 o ’
o- A
-2 o X4}
-4
-6 -
T T v T T T 0 T
0 1 2 3 4 5 7 8

Classification: AdaBoost

e |t adds higher weights to previous misclassifications, so our dataset is constantly

being changed.

e To correctly classified instances, it also updates the weights, but all by the same

value.

e Example of weight update:
o Since x_1 is correctly classified, the error rate = 1/3.

o As the error rate <}, the weights of correctly classified points will decrease

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

True Label Classifier Prediction Initial Weight Updated Weight

X, -1 -1 1/3 ?
X ? +1 1/3 V2/3
X3 ? ? 1/3 V2/6

e Algorithm:

il
1. Choose an initial distribution over the training data, w,, = 1/N. ./ W]

2. Atthe /" step,fit a simple classifier 7 on weighted training data
{Ccr, wiy1), oo, Con, W YN}

3. Update the weights so that misclassified points get higher values

ok 0 b

4. Update T:T « T + 2AOT® uny -
vy e P

where 1 is the learning rate.

S>3

Combined classifier

Original data set, D, Update weights, D, Update weights, D,
- + @ G§9 +
-+ © -+ -
3 - +
- 2 @ + - +
+ + +
Trained classifier Trained classifier Trained classifier # §
= Cg i 6?0- - *
-+ - it - 4+
+ + +
@ + + - +
+ + +
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o Cons:
= |t 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.
- Idea
- Is aform of Bagging, with the difference that we build each tree by splitting on a random subset of
predictors at each split. 2 Each tree is random.
- Process is done usingm = \/E 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

Training Data .
Do N times

e
Pai Arteries | Weight | Di .
il Ses § el See 1. Bootstrap the data (i.e. sample)
Yes Yes 205 Yes

2. Select a random subset of P, features

No Yes 180 Yes 3. Train a new decision tree T;
Yes No 210 Yes We have {T1l TZI T3I ooy TN}
Yes Yes 167 Yes

Testing Data

No Yes 156 No Chest Blocked | Patient Heart
Pain Arteries | Weight | Disease
No Yes ?

No Yes 125 No 158
Yes No 168 No Take a majority vote from {T;, T,, Ts, ..., Ty}
Yes Yes 172 No
-> 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.

-> 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.

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

- 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. R S S (e

= trend + seasonal effect 4+ stationarv remainder

- 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 Notrend
o Variations around its mean have constant amplitude.
o It wiggles in a consistent fashion.

2. Visualizing time series

period value

== 2019-2023 in zoom

0 1988-01-01 119.8

1 1988-02-01 125.3

And e w»fo

2 1988-03-01 131.4

i

3 1988-04-01 134.9
4 1988-05-01 136.8

5 1988-06-01 136.9
Jan Jul Jan Jul Jan Jul Jan Jul
2019 2020 2_021 2022 6 1 988_07_01 1 396
period
. . 7 1988-08-01 144.3
From the plot we can conclude that the time series has a trend and yearly

. . . . . 8 1988-09-01 134.6
seasonality components. We will try to identify them using models:

9 1988-10-01 137.8



-> Computing trend
- Fitalinear model to the data.

observed
= trend

200
180

160

120
100
80

60
1989 1994 1999 2004 2009 2014 2019
period

- Computing seasonality
30
20
10
0

-10

—20 = seasonality

1989 1994 1999 2004 2009 2014 2019
period

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

30 = resid

10 Hry e
= Lo

aurd

-20 C»Q(o

1989 1994 1999 2004 2009 2014 2019
period

- 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).

We assume a series with an additive trend, but no seasonal variation. We can then writeas : x; = m; + r; .
If we perfom differencing and assume a slowly-varying trend (such that m, ~ m,|) we obtain:

Ve =X — X1 =T — F—
and then y, (aka the difference) is stationary.

- 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.

The Box-Cox transformation is a family of power transformations indexed by a parameter 1. Whenever you
use it the parameter needs to be estimated from the data. The formal definition for a variable, say x; is as

o

For a time series X;, the g-day moving average at time t, denoted M A?, is the average of x, over the past g
days,

199
MA? = - Z Xi—i
9%

shape of the time series. But for all other values of A, the time series will change shape. See more on this

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.

Seasonal Mean & Standard Deviation

observed
= seasonal (rolling) mean

200 = seasonal (rolling) std NO Stat|0nary

150

100

50

—'*"—Wv—wwaw

1989 1994 1999 2004 2009 2014 2019
period

Seasonal Mean & Standard Deviation

observed
30 === seasonal (rolling) mean

== seasonal (rolling) std Statlona ry

(S S N TEN UV S TTRN ¢
W.WWMM%W\J

1989 1994 1999 2004 2009 2014 2019
period
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B. Statistical tests

Augmented Dickey-Fuller (ADF) Kwiatkowsky-Phillips-Schmidt-Shin (KPSS)

Idea If data has unit root (drastic change) | Checks if timeseries is stationary around

then is not stationary. the mean (or the trend).
Test is used to test for a unit root. If variance = 0 then random process is a
constant so then is stationary.

H, There is a unit root Time series is level stationary or trend
stationary (stationary around a
deterministic trend)

Hy There is no unit root There is a unit root

Results ADF> critical value = reject H, KPSS > critical value = reject H,,

So the unit root is not present and So the time series is non-stationary.
the time series is stationary.

Disadvantage High rate of type 1 error: tends to reject
H, too oftern.

To deal with this, combine ADF and KPSS
as they are complementary.

C. Correlogram

Correlogram is a plot where the autocorrelations (73,) are plotted against k.
1, = ACF
o 1rp=1
o Bands = 95% significance level. We want r;, to be within it.
= When data is obtained from pure random, the probability of a ;. laying outside is 0.05.
= Values outside bands: gives evidence against pure randomness.
= The probability of getting at least one 1}, outside the bands increases with the number of
coefficients plotted.
o 1or2r, 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.

The quantity r; is called the Sample Autocorrelation Coefficient of x series at lag one. We take lag one

because this correlation is between x; and x;4 1.

When the series stems from a purely random process, r; is close to zero, particularly when 7 is large. One
can similarly consider Sample Autocorrelations at other lags:

_ T~ D~ X)
2;1:1 (x; — ?_C)z

When values xq, ..., X, are obtained from a purely random process, then ry, r,, ... are expected to be
independently distributed according to N'(0, 1/n).

Iy

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

Autocorrelation 1.00 = Autocorrelation
1.00 ) dmms
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Non-stationary data:
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<Figure size 1440x720 with 0 Axes> . . .
<Figure size 1440x720 with 0 Axes>
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030

Autocorrelation

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.

-> Partial Autocorrelation Plot (PACF) and Autocorrelation Plot (ACF)
- shows correlation between x and x’ after removing the linear relationship of all operations between
xand x’.
- Lag=0is always 1 for PACF and ACF because it’s the series correlated with itself.
- Lag=1is the correlation when there is no partial effect yet, so ACF and PACF are the same.
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1o /—%d Autocorrelation

w0 e s s

. ACF

-1.0

6
Partial Autocorrelation

—D'%.O 0 0.2 4 0.4 6 06 8 10 08 12 1.0 PACF

We can fit an autoregression model and decide using a criterion (e.g. AIC) how many lagged values should
be included in the model.

Practically, | fit a linear regression model where my independent variables are the time-lagged values of my
timeseries.

6. Autoregressive Integrated Moving Average (ARIMA) Model
- dischosen iteratively.

ARIMA models put together many of the concepts we already discussed (autoregression, differencing,
smoothing) and are denoted with the notation ARI M A(p, d, q). These parameters account for seasonality,
trend, and noise in datasets:

* p - the number of lag observations to include in the model, or lag order. (AR)
« d - the number of times that the raw observations are differenced, or the degree of differencing. (I)

* q - the size of the moving average window, also called the order of moving average.(MA)

A linear regression model is constructed including the specified number and type of terms, and the data is
prepared by a degree of differencing in order to make it stationary, i.e. to remove trend and seasonal
structures that negatively affect the regression model. A value of 0 for a parameter indicates to not use that
element of the model.

ARIMA is still a linear model!

Vi=c+ P1Yai-1 + GpYas—pt. .. H01€1 + 0464
Some example models:
ARIMA(0,0,0) is simply predicting the mean of the overall time series, i.e., no structure.

ARIMA(0,1,0) works with differences, not raw values, and predicts the next value without any autoregression
or smoothing.

ARIMA(1,0,0) and ARIMA(24,0,0) are AR models that take into account one previous terms and 24 previous
terms respectively.



- 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:

* AR(p) model:
ACF “dies off” gradually
PACF “dies off” after p lags
* MA(qg) model:
ACF “dies off” after q lags
PACF “dies off” gradually
* ARIMA(p,0,q) model:
Both ACF/PACF "die off” gradually

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

Compare forecast for the test range
200
= predicted
180 = observed
160
140
120
100
80
60
2 2 2 2> 27 2P

period

It ooth gk Bl as ue
had kg KL 9008



Lecture 7: Storytelling & Effective communication

1. Fundamental questions

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

O O O O O O ©O

2. IMAC
- Helps us organize what we do.

I:inferential goal (scientific question of interest)
M: model (all models are wrong, some are useful)
A:algorithms

C: conclusions and checking

The Cis crucial:

What did we learn? Was the model useful,and
how well does it fit? How do we know whether
the method is working?

Do we need to iterate and improve the model?
What are the limitations and future directions?

3. Ethical considerations

* How did you get the data (legally...)?

* Did you check the source?

* Are there considerations about the analysis you made?

* Did you have to make decisions that affect the
analysis?

* What are the limitations of your analysis and your
conclusions?

* Who are the stakeholders of your project?

* Who can benefit from this project, who can be
harmed, who is excluded, etc.
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Lecture 8: Dimensionality reduction

1. Dimensionality reduction
- 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.
e 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.

- 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.

- 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.
» |f 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 Weight | Weight
need it to describe the data, ex: (tbs) (ke) "
65
— 113.0 513
Rank =1 56
136.5 61.9 b
5’55
153.0 69.4 25
45 o
can he du/‘"ﬂ a4
W Oﬁﬁ?\/\ 90 100 110 120 130 140 150 160

Weight (Ibs)

2. Matrix Factorization or Matrix decomposition
- Is the opposite of matrix multiplication: (A .b) (B,8) = (A, c)

v
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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 UZ, such that it minimizes:

\T/T UTZ - ow‘aff‘d date = X
miny ||H — WV||?

- Components

. V(Fxn) ~ W(rxk) X Hkxn)
Do W’fﬂ‘d
0000 O0O0O0 © 0
OO0OOAAAD O A
OEEEEOO mO
OOOAAAO ~ OAX C 0 @@ O O
OII-IOO O O OO0 0@ O
O OO A A A O O A . ‘regressors’,
: : activation
0000000 00 soeficlents,
N coefficients”
Vn Wk

“explanatory variables”
“basis”, “dictionary”,
patterns”, “topics

Uz
PC1 PC2 PC3

X=Uu T V'

|
X
X

pXxp pXp
diagond  mufwk (plumimy am
with  Steylor Valred oHaon

fn decicotnng order Team hrms us
back ¥ X

nxp nxp

lolmns Bk octhondme
! ]
, v
Way/ dumg W

. T _ . ,
- If column of UZ has only 0s, you can drop it, and the row from V " . This won’t affect result X.
o Thisis related to unnecessary columns because: rank < features.
o To have a perfect reconstruction of X:




lmwlthvix i

- [wlomnlmﬁxz > rank(x)

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 = dot product of row with itself = 1, and with another = 0.

- Singular values (%)
- 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.

width | length area perimeter
2.97 1.35 2478 | 8.64
-3.03 -0.65 -15.22 | -7.36
-4.03 -1.65 -20.22 | -11.36
-3.03 1.35 -11.22 -3.36

Variance for each feature:

[7.7

Total variance
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=Trace

50.8]
:402.56

how ?n‘)d-km{- s R2 in T e
dode, O

’ _
19739 1 0 0 0
0 2743 0 0
0 0 2326 0
o 0 0 0]

35

N

4
Variance captured by 1st PC: 197.392/100 :@
Variance captured by 2nd PC: 27.432/100 = 7.52
Variance captured by 3rd PC: 23.262 / 100 = 5.41

==402.%,

N: data points or samples
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-> Scree plots and Variance Fraction Arrays

plt.plot (eig_vals++2);

6

4

~
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o 80 .
5 T zx?(am §0/.
= 60 == cumulative explained variance
E w0 w individual explained variance OG &aJe‘
7]
£
2 20
X
s O

0 1 2 3
Principal components

-> SVD: geometric interpretation

_M,/‘

b rﬁ\f pond
1%4d rb\'O'I non o U obtm

Y
E—

tums
M=UZX-V¥

-> 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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¢ Given a NXM matrix R with some entries

unknown o@’
- Ncolumns represent items entries & N & .4
- M rows represents users QQQ’ \&'\Q’ @‘b ,z‘,\\\
- Entry R;represents the i-th L 6\ Y N\
) . . . 97 X N (]
user’s rating of j-th item Q’D O > &
* We are interested in the
-, , John |2 31 |t
unknown entries’ possible A . ;
. . . rya
values & the hidden dimensions y
. Sansa| 4 5
* Here | will attempt:
Robb [, 175
Rysxm = W2 XHyxpy

o L1andL2come from UX

* Problem is that there are many missing entries but NMF
handles this problem!

note: the default NMF from sklearn does not handle missing values @b
F \o'z’b
L1 L2 o & o &
<\°? @0 $b rz}\\
John 02| 0 S & e N
Q(b s‘é\ Q} &
Arya | 0105 | 4[ea[0[11] 8
Sansa 05| 0| L2[39l07| 0 [3.3
Robb | 0 (0.5

* Estimate unknown ratings as inner products of latent

factors R

- Rating of Arya for Passengers:
6.3*0+3.9*%0.5=1.95

& & & o
John | 2 3 1.3| 0 0.2]1.6
Arya 5 4| | 2|54]0 17
Sansa| 4 5|  [32] o|os|4
Robb | 4| 5 2 (54| 0|17

E« Maastricht Universitv

4. Principal Component Analysis (PCA)
Before looking into it, data must be centered (remove mean) and standardized (mean =0, std = 1).

- Goal

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 = PC1 and PC2 will capture 100% variance.

Identify patterns in data.
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Detect the correlation between variables: if a strong correlation exists, reducing the dimensionality

makes sense. 2 Removes correlated dimensions.

Finding the direction of maximum variance and projecting them onto a smaller dimensional

subspace while retaining most of the information.

- How’s does it work?
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

1.

2.

if it was measured on different scales.
S=X'X
X' Matrix,griance

X: Matrixcopariance = correlation

width length area perimeter
[ 7.76676768 -0.17121212 35.27616162 15.19111111]
[ -0.17121212  5.40151515 26.57272727 10.46060606)

[ 35.27616162
[ 15.19111111

26.57272727 342.15313131 123.69777778)
10.46060606 123.69777778 51.30343434)

Variance-covariance Matrix

wanr\{Mf\,b Uw

o Trace of S = sum of the diagonals of the variance-covariance matrix

Represents the total variance in the data.

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 = ‘loading’

= Eigenvectors are independent (uncorrelated) between them.
= Eigenvalues of eigenvectors show how much of the total variance, they explain.

Eigenvectors (w)

! 1

!

Width [ 0.43759561 -0.65472309 0.5466161 0.28470791)
Height [ 0.37560774 0.75521251 0.45584801 0.28421027)
Area I 0.57100602 0.02481468 0. -0.82057075]
Perimeter l[ 0.58427822 -0.01938982 -0.70243394 0.40599208]
Eigenvalue [ 2.9155136  1.03746732 -0. 0.08742311)
nok- erfﬂiﬁ odecd
—@PCL ¢ 2,91
[[ 1.01010101 -0.02670062 0.69121907 0.76870724) OF‘ M-aL
[-0.02670062 1.01010101 0.62435684 0.63473235)] //J — 1 037
[ 0.69121907 0.62435684 1.01010101 0.94306847] 2 : 2.9L o 80 7.
[ 0.76870724 0.63473235 0.94306847 1.01010101)]) /) — () _— =
3= 4.0
A,=0.087
Trace =4.04

(on standardized data)

Note: 24, =4.04 (!)
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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.
e Eigenvalue®2 /N
5. Construct W: projection matrix.
o This matrix transforms the data onto the new feature subspace.

6. Y=XW

In this last step we will use the 4 X 2-dimensional projection matrix W to transform our samples onto the
new subspace via the equation

Y = X X W, where Y isa 150 X 2 matrix of our transformed samples. Recall that our original data is a
150 X 4-dimensional matrix.

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

error = Y (X! — X;)?, where i goes over all the elements of the matrix.

- Order of steps

We can clearly see that all three approaches yield the same eigenvectors and eigenvalue pairs:

» Eigendecomposition of the covariance matrix after standardizing the data.
» Eigendecomposition of the correlation matrix.
» Eigendecomposition of the correlation matrix after standardizing the data.

-> 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.

width

Principal Component 2
o
L

Each element of the eigenvectors represents
the contribution of a given variable to a
component

3 2 4 0 1heighty 3 4
Principal Component 1

component
loading

eigenvalue: sum of all
squared loadings on pcy
one component
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-> 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 testing
Example | Linear/logistic
regression, decision
trees, EBMs

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

Cons often not accurate Unreliable: data leakage, Expensive and tricky to
enough and with changing environment, interpret
complex decisions training data is not the same

the tree grows huge. | as real world

- Models can be split into Interpretable or agnostic (SVM, Neural network).
- Ininterpretable 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?

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

impiowe_ of ek wof. pr sh Vawoipt
Y=ﬁ0+JI.X1+...+ﬂpo+€

We interpret f8 ; as the average effect on Y of a one unit increase in X j» holding all other predictors fixed.

- Logistic regression

PotBi Xi+B, Xo+.. 4P, X,

pX) = p( R 1 + ebotbi Xi+h Xo+..+6,X,

If | increase a predictor value by one unit (and keep all others fixed), then the probability of the “positive’
class changes by the odds ratio. Let's see it through an example:

You can interpretate the importance of a predictor by calculating the
odds = prob of sucess

Srobability of Fature ’ and seeing how the value changes.

Remember that one unit increase in a variable j will have an effect of ﬁj on the log-odds ratio.
log(odds ratio) = p;
or equivalenty (and with the approximation that /og =~ In we have that:

odds ratio = &

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



vut|Lz]:

feature meaning coefficient m

x2 cp chest pain type 62.775053 2.170713 MOS+ lﬂ\(f;m(ég

x10 slope the slope of the peak exercise ST segment 0.618767 1.856637 {{j,at\j; f{
x6 restecg resting electrocardiographic results 0.535698 1.708640
x7 thalach maximum heart rate achieved 0.027081 1.027451
x0 age age of patient ~ 0.007980 1.008012 it o
x4 chol serum cholesterol in mg/dl  -0.001414 0.998587 tb;&,gl- N PMAC&B
x5 fbs fasting blood sugar > 120 mg/dl (1 = true; 0 = false) -0.001509 0.998492

x3 trestbps resting blood pressure (in mm Hg on admission to the hospital) -0.010965 0.989095

x9 oldpeak ST depression induced by exercise relative to rest  -0.676346 0.508472
x11 ca number of major vessels (0-3) colored by fluoroscopy  -0.751114 0.471841 . ‘m?oﬁef‘h !t\r
x8  exang exercise induced angina (1 =yes; 0 =no) -0.829017 0.436478 Mpdu‘(ﬁ@ ot
/‘- DA
x12 thal 3 = normal; 6 = fixed defect; 7 = reversable defect -1.01 557101/0.36{1 95 n
_ BT orob.
x1 sex 1 =male, 0 =female -1.201090 |0.300866 =4 . (
s Vay H e

What can you say about this model?

« Chest pain type ( cp) has a high impact, wow! When this value increases by one, the probability having
a heart disease increases by 117.0%.

« Ifthe slope variable increases by one, the probability increases by 85.6%.

* age and cholesterol (chol ) have an odds ratio of 1, meaning that they have no effect (probability is
50-50)

« On the bottom we see the sex variable. This odds ratio is below 1, around 0.30. This means that
having a heart disease is almost 3.3 (1/0.3) times more likely when you’re female!

- 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.

-> 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.

- Partial Dependence plots (PDP)

Help see relationship between target and features.

The process to create the plots is as follows:

» Force all the instances to have the same feature value.
» Make predictions for these instances and average them.
» This gives the average prediction for this feature value.

This method gives you nice visualizations but most of the time only 1-2 features are investigated.
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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 Itis 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.

0.62

0.60

a
L}
% %oss A’-‘C-?*/"""( Peoh.
3
§ g 056 Of haut o\inun 0o
i ] LIV (|
£ > 054
! 3
g é 052
a
050
| . | , ! . ,
00 05 10 15 20 25 30
2 3 4 5 cp -- chest pain type

oldpeak -- ST depression induced by exercise relative to rest

When chest pain type (cp) is equal to 1, 2 or 3 and oldpeak has a low value, the probability having a heart disease is much higher (>
0.63) than when cp is equal to 0 and oldpeak has a high value (< 0.37).

- Individual Conditional Expectation

More detailed than PDP.
Show how the prediction of each instance (blue line) changes when a feature value is changed.

PDP for feature "sex” 013 A5 A2 ¢35 A
Number of unique grid points: 2

-0.025

<0075

-0.125

-0.150

-0.175

sex

Add Code Cell  Add Markdown Cell

Explanation:

* Each blue line is an instance.
* You see that for some instances the prediction changes a lot when sex is changed to male, but for some instances the
prediction almost stays the same, although it always has a negative effect to be female.
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- LIME (non examinable)

The steps are as follows:

1. Sample points around X; (the point that | want to interpret)

2. 1 use my big/complex model to predict labels for each sample

3. | weigh samples according to the distance from Xx;

4. Learn a new simple model (e.g. decision tree or linear regression) on weighted samples
5. Use simple model to explain the decision

- 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.

Prediction probabilities

false [N 0.89
true 0.11
false true

oldpeak > 1.60
lo.18

0.00 < ca <= 1.00 ‘H/W t{,w/;. o b

0.15

2.00 < thal <=3.00 ?m'\hw o W‘d\'@’\

cp <=0.00
0.14
0.00 < exang <= 1.00

0.10
1.00 < slope <= 2.00 W}) Mg
0.08 M ~—7

0.00 < sex <= 1.00
0.07
55.50 < age <= 61.00
0.04
136.00 < thalach <=1...
001
chol <=212.00
0.01
restecg <= 0.00
0.01
130.00 < trestbps <= 1...
001
fbs <= 0.00

0.00
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- SHAP

Shapley Values (Game Theory): Each feature value of the instance is “player” in a “game” where the
prediction is the “payout”.

Each feature is assigned an importance value for a particular prediction. More specifically SHAP assigns
each feature an importance value for a particular prediction to compute the explanation. This value is the
unified measure of additive feature attributions and is called SHAP value, ¢p; € R. The formula for ¢; is:

ISI'(M —[S1-1)
vi= 2 M!

1
“[fsugiy (xsugiy) — fs(xs)]
SeF\{i}

where:

« F'is the set of input features,
« S is a subset of input features,
o« M = | F| is the number of input features.

This formula computes the gravity of each feature by calculating its importance when it is present in the
prediction and then subtracting it when it is not present. Moreover,

* [fsutiy(Xsugiy) is the output when the i-th feature is present

o fg(xg) is the output when the i-th feature is withheld
(M—|S]-1)!
. ZSeF\{i} W is the weighted average of all possible subsets of S in F

(+)

» We can use it for local and global explanations.
« Has a strong theoretical foundation.
» Recent research has showed that they can work with dependent features.

()

» Computation speed can be very slowwwww (especially with many features)

The summary plot shows the different SHAP values for high or low feature values.
For ca feature:

When this feature has a low value, the SHAP value is high, which means a higher probability having a heart
disease. This plot also shows us the most important features to the least important ones (top to bottom).

In [38]:

shap.summary plot(shap values[1l], x_test)
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4. Explainable Boosting Machine (non-examinable)

- 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.

- How does it work?
1. Infirst 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:

lteration feat, feat, feat, feat,
2 _res 6\ _tes _fes )>\ _res
3 res 6\ _res _res )>\ res
4 _res 6\ _res _res )>\ res
5 _res 6\ _res _res ))\ res
7 res 6\ _res res )>\ e,
8 res 6\ _res _res )>\ res
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