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Final Project Report

Introduction : Give background and motivation for your project. Why is
it interesting?

Background : Provide any preliminary information needed to
understand the project. This section can be more technically detailed
than the introduction.

Methodology : Discuss how you approach the problem. Provide all the
necessary technical details.

Results : Provide all of your results from the project. Negative results
(i.e. things that didn’t work) are also welcome and encouraged.

CSC580 Students should include Related Work section



Final Project Report

 Create a Github repository with all your code

* Include the Github link in your report (or share with me
username: ‘pachecoj’ if you want to keep private)
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Data Analysis, Exploration, and Visualization

Age by Passenger Class, Separated by Survival
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There is a lot of advice about data
visualization.

Avoid pie charts
Get it right in black and white

Data-Ink ratio should be high

Avoid word clouds Overview first, zoom and filter,

details on demand
Never truncate the y-axis

These can be considered design principles. Like all design
principles, they shouldn’t be adhered to dogmatically.

A\



Be Careful with Area-as-Quantity




How many streams are there in
November compared to December?

e




7.5 times as many streams!

November December
65,724,850 streams

~ October
2,25 1,520 streams 17,088,456 streams

& spotify




Be careful of length vs. area for other marks
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What is being perceived?
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Be careful of length vs. area for other marks
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Consider using an Isotope Chart
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Circles: Encode by Area not Radius
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WHERE WE DONATE VS. DISEASES THAT KILL US

MONEY RAISED DEATHS (US)
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Breast Cancer
Komen Race for the Cure (2012)
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Heart Disease
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Movember (2013) Pulmonary Disease
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(Including ALS)
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http://coolinfographics.com/blog/2014/8/29/false-visualizations-

sizing-circles-in-infographics.html
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"Chart Junk”




Aside: Chart Junk

Chart Junk are embellishments to a
chart that don’t help communicate the
data.

Removing such embellishments,
whether completely decorative or
embedded in the chart can help
readability while conserving space.

However, sometimes embellishments
can help with engagement and
memorability, e.g., the clowns earlier

Images from slides of Josh Levine A




The added lines here help the chart look
“charty” but don’t help readability

15%

10%

Jan Feb Mar Apr May Jun Jul Aug Sep
Images from http://www.tbray.org/ongoing/data-ink/di| A



http://www.tbray.org/ongoing/data-ink/di1

Remove or redesign grid lines
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http://www.tbray.org/ongoing/data-ink/di1

Remove color background, it did not help
with contrast
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Images from http://www.tbray.org/ongoing/data-ink/dil



http://www.tbray.org/ongoing/data-ink/di1

Remove non-axis lines, they did not bound
data extents, just chart extents

Jan Feb Mar Apr May Jun Jul Aug Sep

Images from http://www.tbray.org/ongoing/data-ink/dil



http://www.tbray.org/ongoing/data-ink/di1

An alternative to the initial grid lines...
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Images from http://www.tbray.org/ongoing/data-ink/di|l ﬂ



http://www.tbray.org/ongoing/data-ink/di1

Images from http://www.tbray.org/ongoing/data-ink/di|l

Direct Labeling
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http://www.tbray.org/ongoing/data-ink/di1

Data-Ink Ratio & Caution

Data-Ink Ratio was coined by Edward Tufte in 1983:

Ink used to non-redundantly represent Data

Ink used in the chart in Total

The goal is to have a high data-ink ratio.

Problems?

A



Which chart is better?
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Truncating the y-axis




How much has Dickey’s knuckleball slowed?
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Images https://www.huffingtonpost.com/raviparikh/lie-with-
data-visualization_b_5169715.html A



Where should the y-axis start?

In bar charts, bar length is being compared.
Therefore, starting the y-axis at an arbitrary
position will work against the visualization
task... often tricking the viewer.

Length This is referred to as “truncating the y-axis.”
(aligned) Be careful when you start at something other
than zero.

Images from Munzner, Visual Analysis and Design A



What's happening here?
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Image from slides of Josh Levine, adapted from John Stasko A



What's happening here?

500 . I

250

Show entire scale

1998 1999 2000 2001 2002

Image from slides of Josh Levine, adapted from John Stasko A



What's happening here?
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Image from slides of Josh Levine, adapted from John Stasko A



Where should the y-axis start?

Average Annual Global Temperature in Fahrenheit
1880-2015

1 1890 1900 1910 1920 1930 1540 1950 1960 1970

1980

1990

2000

2010

Image from the National Review

There are several
possible “zero” points.
Which one is the most
natural?

Line graphs are
generally used to
analyze change in a
range rather than
absolute. The analysis
task matters!
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Graph Construction: An Empirical Investigation on Setting

the Range of the Y-Axis

Jessica K. Witt
Colorado State University

Graphs are an effective and compelling way to present scientific results. With few rigid
guidelines, researchers have many degrees-of-freedom regarding graph construction.
One such choice is the range of the y-axis. A range set just beyond the data will bias
readers to see all effects as big. Conversely, a range set to the full range of options will
bias readers to see all effects as small. Researchers should maximize congruence be-
tween visual size of an effect and the actual size of the effect. In the experiments pre-
sented here, participants viewed graphs with the y-axis set to the minimum range re-
quired for all the data to be visible, the full range from 0 to 100, and a range of approxi-
mately 1.5 standard deviations. The results showed that participants’ sensitivity to the
effect depicted in the graph was better when the y-axis range was between one to two
standard deviations than with either the minimum range or the full range. In addition,
bias was also smaller with the standardized axis range than the minimum or full axis
ranges. To achieve congruency in scientific fields for which effects are standardized, the
y-axis range should be no less than 1standard deviations, and aim to be at least 1.5 stand-
ard deviations.

Keywords: Graph Design, Effect size, Sensitivity, Bias

One way to lie with statistics is to set the range
of the y-axis to form a misleading impression of the
data. Arange set too narrow will exaggerate a small
effect and can even make a non-significant trend
appear to be a substantial effect (Pandey, Rall, Sat-
terthwaite, Nov, & Bertini, 2015). Yet the default set-
ting of many statistical and graphing software pack-

range set too wide also creates a misleading impres-
sion of the data by making effects seem smaller than
they are. Here, I argue that for scientific fields that
use standardized effect sizes and adopt Cohen’s
convention that an effect of d = 0.8 is big, the range
of the y-axis should be approximately 1.5 standard
deviations (SDs).

What range
should I use?

Data range?
Start from zero?

Like all things,
depends on the task.



Image from Heer & Agrawala, Multi-scale Banking to 45°

It's not just the y-axis:
aspect-ratio also
affects perception

Changing the aspect-ratio
changes the orientation of the
lines.

A common rule is “banking to
45°,” for comparing slopes.

But where does this come from?
And do you need to compare
slopes?

Y- N
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Figure 1a. CO, measurements, aspect ratio = 1.17. The x-axis shows
time, in monthly increments, while the y-axis shows carbon dioxide
measurements taken at the Mauna Loa observatory [2]. Note the bend in the
trend of increasing values, suggesting an accelerating increase.

—340
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Figure 1b. CO, measurements, aspect ratio = 7.87. The wider aspect
ratio enables the viewer to see that the ascent of each yearly cycle is more
gradual than its decay. However, the bend in the lower-frequency trend is
now difficult to see. The choice of aspect ratios for Figures 1a and 1b were
automatically determined using multi-scale banking.



Rotating for Readability




Be Aware of Text Angle
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Image from https://www.data-to-viz.com/caveat/hard_label.html A
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Users shouldn’t feel
the need to tilt their
head to read labels.

Furthermore, while we
can rotate fonts at any
angle, they distort and
become jagged.



Consider rotating a bar chart

*Note however that
some axes have a
strong association with
the x-axis (e.g., time).
In that case, the
design trade off may
leave tilted text.
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Labels on the y-axis need not be vertical

60
Original
>0 mEE Fixed
40
30
20
) I I I I I I
02k Bk 1ok 32k 65k 131k & rocesses

O



Labels on the y-axis need not be vertical
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When the rotation bucks
convention, it may be
misinterpreted

What is your initial reaction?

The designer’s desire was to
evoke blood running down a wall.

Takeaway: any design counter
to well known conventions
must be strongly justified.

Image retrieved from https://www.livescience.com/45083-

misleading-gun-death-chart.html A
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Using 3D




Justify the Use of 3D or Remove it

2006 Expenses by Department

From Tamara Munzner, Visualization Analysis and Design

Evidence for the
effectivenes of
position and length
apply to 2D only.

3D means occlusion
and perceived depth
can cause errors in
judgement.

However, 3D excels
for shape perception
of truly 3D objects.



For Graphs, 2D Shows Topology

Justify your design choices for your tasks!

Image from http://visuaIoop.com/blog/29910/a-|ook—at-arc-diagramsA



Pie Charts




Pie Charts are often maligned with the justification
that length is a more effective channel than angle

...but, is angle what we're
really perceiving?

There are still many
things we don't
understand about what is
actually being perceived
or measured in any given
chart.

Images from EagerEyes.org

Evidence for Area as the Primary Visual Cue in Pie Charts

Robert Kosara *

ABSTRACT

‘The long-standing assumption of angle as the primary visual cue
used to read pic charts has recently been called into question. We
conducted a controlled, preregistered study using parallel-projected
3D pic charts. Angle. arca, and arc length differ dramatically when
projected and change over a large range of values. Modeling these
changes and comparing them to study pasticipants' estimates allows
us to rank the different visual cues by model fit. Area emerges as
the most likely cue used to read pie charts.

1 INTRODUCTION

Pic charts encode the percentage value to be shown in angle, area,
and arc length, Until recently, angle was generally assumed o be
the main cue. By asking study participants 10 estimate values from
specially designed pic-like stimuli that isolated the three cues, recent
studies have cast doubt on that assumption [11,20]. Angle by itself
tumed out 1o be the least accurate, but there was no clear distinction
between arca and arc length,

In the study presented in this paper, we take advantage of the dis-
tortions introduced by three-dimensional pie charts. Central angle
and arc length are distorted by factors of ten and more by the projec-
tion (Figures 1 and 2), which can be compared to the responses from
study participants. When using parallel projection, a slice’s arca as
afraction of the entire pic is constant and independent of the view
angle (see supplemental material for details), which separates area
in particular from the other two cues.

Models with fewer inputs are considered better than ones with
more, which is also directly expressed in criteria for model selection
like the Akaike Information Criterion (AIC) we use below. Of the
three models above, the arca model depends only on a single input,
the represented value, The other two have to take into account the
view angle and rotation of the chart around the center in addition to
the value, o both depend on three input parameters.

2 RELATED WORK
Pie charts are among the classic visualization techniques [21].
William Playfair included early versions in his 1801 Statistical Bre-
viary [15) and added them as an illustration 10 3 statistical account
of the United States he translated [8].

Below, we bricfly survey the limited literature on the perceptual
basics of pic charts, including 3D pie charts.

2.1 Pie Chart Perception and Effectiveness
Visualization books generally state angle as the method by which
we read pic charts, often without giving a reference. This dates
back to Brinton in 1914 [3), and continues with Bertin 1] and much
more recent books such as those by Robbins (17), Munzner (13),
ete. Cleveland and McGill [6] also equate their pie chart stimulus
with angle perception without questioning it, as do Simkin and
Hastie (19, and others.

‘The basis for the angle assumption appears to be Eells’ 1926
paper [9]. Eells conducted a study comparing bar to pic charts, and
asked his particij how they had read the pic charts, Just over

Figure 2 shows the di ion of the proj angle wh
2307 slice around a pie chant. Compared to a 2D chart, ata 15° view
angle, the slice’s central angle increases up to three times its base
value, and down 10 about one quarter (for a total range of almost
12x), arc length increases to four times its base value and down to
about one tenth (for a total range of almost 40x).

‘We are not interested in 3D pie charts themselves or their particu-
lar propertics here (though we do have some results). Rather, we use
them as a sort of model organism that allows us to study a property
we want to learn about; similar to the fruit fly in biology.

We model possible responses to stimuli as follows. Detailed
formulas are included in the supplemental materials.

1. Area Model. Since area of the slice as a fraction of the whole is
invariant to the projection, this is the same as using the original
angle of the represented percentage to determine the estimate.

Projected Angle Model. This model predicts that study par-
ticipants will read the value directly from the projected angle
they see. Since angle is strongly distorted by the projection,
the difference between this and the original angle model can
be detected.

3. Projected Arc Length Model. Similas to angle. arc length is
distorted by the projection. This model predicts that viewers
read pic charts using the arc on the outside of the slice, and
would thus report values proportional to it.

»

*Tableau Rescarch, E-Mail: rkosara@tableau.com

half of them stated angle as the mechanism, with the other half being
split between area and arc length. Self-reported strategics can be
unreliable, however, and would at Jeast require additional studies (o
comroborate before turning into the canonical assumption.

Skau and Kosara conducted a series of studies that cast doubt on
the angle assumption. By deconstructing pie charts into individual
visual cues, they were able to collect evidence that angle was the

pothesized that a pie chart

i arc length

and arca were larger, and found that o be the case (1), They were
unable to differentiate between arc length and arca, however.

The classic Cleveland and McGill paper (6] found pic charts
to be worse than pure bar charts, but similar to some bar chart
configurations (such as stacked bars). Earlier studies in the 1920s
had found different results, though, in particular for part-whole
judgments. Eells 9] found pie charts to be superior o bars, and
von Huhn [22] was unable to draw a clear conclusion in his studies.
Croxton et al. [7] compared a number of specific values (such as
256%, 33%, ele.) and found mixed results: in some cases stacked
bars did better, in others the pie chart.

22 Pie Charts in Three Dimensions

Just as with regular pie charts, the literature is mixed on their
3D brethren. Carswell et al. [5] studied 2D and 3D bar, line, and
pic charts. Only 3D line charts were found to have significantly
higher error than their 2D counterparts, Siegrist (18] later found a
significant effect when compasing 2D to 3D pie chasts.

Reading values from 3D pie charts requires the understanding of
depth. A study by Lind et al. [12] showed significant crror when
judging the shape of objects seen under a view angle of about 15°,
the steepest angle included in the studies reported in this paper. The

projected: 92°

central angle: 30°

projected: 92°

Figuro 1: An original 30° contral anglo projectod at a view angie of
15" ranges from projocted angle of &" 10 92°, depending on rotation
around the chart. Its fraction of the chart area s constant, howaver.

perception of slant has been shown to be unreliable when respon-
dents had to provide a numerical estimate, but quite aceurate when
matching a physical replica of the angle (16].

3 Sruoy

Given the model predictions, we conducted a controlled online study
10 determine which model would fit participants” responses.

31 Materials
Participants were shown pic charts drawn at a width of 600 pixels.,
their height depended on the view angle. The following factors were
varied (see also Figure 3):

* 4 view angles: 90° (2D), 60°, 307, and 15°

* 3 body heights: 0, 10, and 50 pixels

* 3 value ranges: < 33%, 33% — 66%, and > 66%
« 3 rotations around the center of the pie

‘This would have yielded 4-3.3-3 = 108 combinations. However,
since body height does not make a difference for the 2D condition,
we eliminated height variations for the 907 case and thus reduced
the number 10 90 (3-3 = 9 for the 2D condition plus 3-3-3-3 = 81
for the remaining three view angles).

We pre-gencrated a sct of 90 pseudo-random numbers from the
range (3:97), and bucketed them into the three value ranges. During
the study, a third of the numbers were picked from each range
10 ensure equal representation across values. The stimuli were
presented in random order.

3.2 Procedure
Each step showed a single stimulus and presented a 2D reference
chart with a handle that allowed the size of the blue slice to be
changed (Figure 4). Participants were asked to mirror the value they
were seeing in the stimulus on the reference chart (this direct report
is common in vision science [2]). The goal was to eliminate the
rounding effects seen in earlier studies and avoid guesses for the
wrong part of the chart,

The input chast on the right was drawn in the same colors and
size as the stimulus. The blue slice started at the 12 o'clock position
and was always shown with an initial value of SO% to avoid biasing

Figure 2: Distortion of arc length as a multiple of the base value for a
30° skce when rotated around a 3D pie chart seen at different view
angles. Each ke reprosents a view angle (90° is the 20 case).

d <

Figure 3: The four view angles used in the study, shown for a body
height of 10 pixels.

4 -

* w

towards low or high values. There was no numerical display of the
chosen percentage. Participants had to change the value before they
could advance to the next question. The study consisted of a total of
90 questions, we presented a pause sereen afier 30 and 60 questions.

3.3 Participants
We recruited 80 participants (43 women, 37 men) on Prolific!, an
online platform focused on running studies. A recent study showed
its results to be at least comparable to Mechanical Turk [14). We
used Prolific’s filters to sclect only participants with (self-reported)
normal or corrected-to-normal vision,

Panticipants were paid $2.50 for participation. Study duration
was just under 14.5 minutes on average (median 12:53), resulting in
an average hourly pay of $10.42 (median $11.64).

34 Pilot Study

We ran a pilot study using the same stimuli but a numerical input
instcad of the reference chart. We only report the results of this
pilot in Table 1, which shows that while it has higher error duc to
rounding effects from the numerical input, its results are consistent
with the main study’s.

35 Preregistration

We decided to preregister this study®. Preregistration is becoming
a common practice in vision science, perceptual psychology, and
ather fields to counter the problems of p-hacking and to increase
replicability [10]. We lay out the key points of the preregistered

"https://wen.prolific.co
*hteps://osf.10/7y842/, also includes study data and code




Length is still considered more effective than Area
Stacked bar charts are " "’ "
oW

suggested because they encode
with length.

Why might a stacked bar chart
not be so good? 100%

Violates expressivity — can imply

. TOTAL = 100%
an order where there is none

. 16.7%  33.3%  167%  33.3%
May be hard to compare dispare — PALLALY

bars

Images from datavizcatalogue



Stacked Bar Charts vs. Small Multiples

Figure 2.1: Outcomes assigned to offences recorded in 2014/15, by outcome group and offence
group
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Stacked Bar Charts vs. Small Multiples

Figure 2.1: Outcomes assigned to offences recorded in 2014/15, by outcome group and offence
group
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Maybe the biggest problem with pie charts is that

they have
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Advice in Data Visualization is a starting point.

Get it right in black and white Avoid pie charts
Avoid chart junk

Avoid word clouds Overview first, zoom and filter,

_ details on demand
Don't truncate the y-axis

No UnjUStiﬁEd 3D Recognlze dareéa comparisons

Rotate for readability |
Respect conventions

It is generally sufficient for simple visualizations, but harder
analysis problems may require more thought.

Y- N



...wWhich leads us to the most important
things in Data Visualization
Data
» Are you showing the right data for your goals?
» Do you understand the form of that data?

Tasks
» Does your representation match your tasks?
» Do your interactions match your tasks?

Design

» Know your data, your tasks, and start from principles, then
iterate and evaluate. !



» Data Visualization

» Data Summarization

» Python data tools



Data Summarization

 Raw data are hard to interpret
* Visualizations summarize important aspects of the data

* The empirical distribution estimates the distribution on data, but can be
hard to interpret

« Summary statistics characterize aspects of the data distribution like:
 Location / center

« Scale / spread
« Skew



Measuring Location

Three common measures of the distribution location...

Mean Average (expected value) of the data distribution
Median Midpoint — 50% of the probability is below and 50% above
Mode Value of highest probability (mass or density)

Symmetric Distribution Skewed Distribution

A

I}
Mea I i Mode
Median Median
Mode Mean

...align with symmetric distributions, but diverge with asymmetry



Median

For data x1,x9, ...,z N sort the data,
CE(l), 56(2), e ooy Cl?(n)
* Notation z(;) means the i-th lowest value, e.g. x(;_1) < z¢;) < x(;41)

* X(1),T(2),---,%(n) are called order statistics

If n is odd then find the middle datapoint,

median(af;l, P ,Cljn) — $((n+1)/2)
If n is even then average between both middle datapoints,

1

median(xq,...,T,) = 5 (Z(n/2) + T(n/2+1))



Median

What is the median of the following data?

1,2,3,4,5,6,8,9 4.5

What is the median of the following data?

1,2,3,4,5,6, 8, 100 4.5

Median is robust to outliers



Sample Mean

Empirical estimate of the true mean of the data distribution,
1w
xr = — Xq

N

1=1
Alternatively, if the value x occurs n(x) times in the data then,

| n(x)
T= Z xn(x) = ZCIZ}?(CE) where p(x) = '
2'g
Empirical

Distribution

Recall
« Law of Large Numbers says T goes to mean E[X]
* Central Limit Theorem says x has Normal distribution



Law of Large Numbers (LLN)

We now know the sample mean is an unbiased estimator, namely:

E[Xx] = v Y E[X) = E[X

6 Average dice roll by number of rolls

But, expected value is not always high Tl
probability. Will we achieve the true mean?

. % Yes, with high <
]\;1_%%0 AN = E[X] probability
This is the law of large numbers

« Weak Law: Converges to mean with high probability
« Strong Law: Stronger notion of convergence (if variance is finite)

Number of trials

But what is the distribution of X ?



Central Limit Theorem (CLT)

Let X1,..., Xy beiid with mean p and variance o then Xy
approaches a Normal distribution with mean ¢ and variance %-

Lo o”
N, Xv o N (“’ N)
Alternatively written as,

lim @(XN — ) — N(0,1)

N—oco O

Comments
« LLN says estimates X “pile up” near true mean, CLT says how they pile up
» Pretty remarkable since we make no assumption about how X, are distributed

« Variance of X; must be finite, i.e. ¢° <



Sample Mean

Example 2.1. For the data set {1,2,2,2,3,3,4,4,4,5}, we have n = 10 and the sum

14+24+24+24+3+34+44+4+4+5=1n(1)+2n(2) + 3n(3) +4n(4) + 5n(5)
1(1) +2(3) 4+ 3(2) + 4(3) + 5(1) = 30

Thus, ¥ = 30/10 = 3.



Sample Mean

Example 2.2. For the data on the length in microns of wild type Bacillus subtilis data, we have

length = | frequency n(x) | proportion p(x) | product zp(x)

1.5 18 0.090 0.135

2.0 71 0.355 0.710

2.5 48 0.240 0.600

3.0 37 0.185 0.555

3.5 16 0.080 0.280

4.0 6 0.030 0.120

4.5 4 0.020 0.090
sum 200 I 2.490

So the sample mean © = 2.49.




Sample Mean

For any real-valued function h(x) we can compute the mean as,
- 1 N
i) = 3 2 A

Note h(x) # h(z) In general.

Example Compute the average of the square of values,
{1,2,3,4,5,5,6}

— 1
12 = ?(1 + 2% 4+ 3% + 4% +2(5%) + 6%) =~ 16.57



Weighted Mean

In some cases we may weight data differently,

N N
Zwiazi where sz:1 OéwszI‘Z:L,N
1=1 1=1

For example, grades in a class:

Grade = 0.2 - Tmidterm T 0.2 - Tfinal T 0.6 - Lhomework

Grading Breakdown
« Homework: 60%
« Midterm: 20%
* Final: 20%



Measuring Spread

We have seen estimates of spread via the sample variance,
N N

1 1
Pt S yoiam o
Biased Unbiased

Misleading estimate of spread for multimodal / skew distributions

Normal with same variance Target




Measuring Spread

Quartile divide data into 4 equally-sized bins,
 1st Quartile : Lowest 25% of data
» 2"d Quartile : Median (lowest 50% of data)

 3rd Quartile : 75% of data is below 3 quartile
« 4th Quartile : All the data... not useful

Compute using np.quantile () :

X = np.random.rand(10) * 100

q = np.quantile(x, (0.25, 0.5, 0.75))
np.set printoptions (precision=1)
print( "X: " , X )

print( "Q: " , q )

X: [90.7 73.9 31.7 2.8 56.3 95.7 15.6 75.8 4.1 19.5]
Q: [le.6 44. 75.3]



Box Plot

Outliers Are atypical data,

median Value > Q3 + 1.5 x IQR
Q1 Q)3 Value < Q3 - 1.5 x IQR

Definition is not standard.
\ 4

Q1 -1.5xIQR IQR Q3 + 1.5 x IQR Outlier

Interquartile-Range (IQR) Measures interval containing 50% of data

IQR = Q3 - Q1
Region of typical data



Box Plot

import numpy as np
import matplotlib.pyplot as plt

# Fixing random state for reproducibility
np.random.seed(19680801)

# fake up some data

spread np.random.rand(50) * 100

center np.ones(25) * 50

flier_high = np.random.rand(10) * 100 + 100

flier_low = np.random.rand(10) * -100

data = np.concatenate((spread, center, flier_high, flier_low))

figl, ax1l = plt.subplots()
axl.set _title('Basic Plot')
ax1l.boxplot(data)

Basic Plot
200 4
8
(@]
150 A (o]
100 A
3rd Quartile 2nd Quartile
50 <
1st Quartile
. i
(@]
—-50 A é
—100 - ?
1



Multiple Samples with Different sizes

200 - o o
end - : 8 : o g
pread = np.random.rand(50) 100
center = np.ones(25) * 40 150 - o) o
flier_high = np.random.rand(10) * 100 + 100 .
flier_low = np.random.rand(10) * -100 T
d2 = np.concatenate((spread, center, flier_high, flier_low)) 100 1
50 - o
et = (k. AR GRTE Al 0
fig7, ax7 = plt.subplots() 04 - .
ax7.set_title('Multiple Samples with Different sizes') -
ax7.boxplot(data) o 1 o
=50 - O (o] o}
plt.show() g 8 8
~100 - ° ' B
2

- -



Violin Plot

fig, axs = plt.subplots(nrows=1, ncols=2, figsize=(9, 4))

# Fixing random state for reproducibility
np.random.seed(19680801)

# generate some random test data

all_data = [np.random.normal(@, std, 100) for std in range(6, 10)]

# plot violin plot

axs[0@].violinplot(all_data,
showmeans=False,
showmedians=True)

axs[@0].set_title('Violin plot')

# plot box plot
axs[1].boxplot(all_data)
axs[1].set_title('Box plot')

# adding horizontal grid lines
for ax in axs:
ax.yaxis.grid(True)

Observed values

ax.set_xticks([y + 1 for y in range(len(all_data))l],

labels=['x1"', 'x2', 'x3°',
ax.set_xlabel('Four separate samples')
ax.set_ylabel('Observed values"')

'x4'1)

10

x1

Violin plot

x2 x3
Four separate samples

x4

Observed values

-1

-2

Box plot

|

0
0 o

x1

o (o}
x2 x3
Four separate samples

x4




Measuring Spread

For nonnegative numbers we can look at the coefficient of variation,

CV =

K| »

1 N

N
1
2 _ - 7)? 7 — .
where "= E_l(azz r)© and x_NE_lxz

* [t is a pure number — it has no units
* |t represents spread relative to the mean

Question Why would we want to compute this?



Frequency

Quantile / Percentile

Question Is 60yrs old for a US president? Why or why not?

Histogram of age

Age of Presidents at Inauguaration

—

[ T T T I
40 45 50 55 60

age

" _— 1 Empirical CDF for each x gives P(X<x),
g

2 e 1 .

£ . - i F,(x) = ﬁ#(observatlons less than or equal to x)
g4 ]

o | g .
— =1 Compute probability of being <60,
Empriical CumulativaegeDistribution Function F’n,(60) ~ 0-8

0.8 Quantile or 80" Percentile 2> About 80% of
presidents younger than 60



Quantile-Quantile Plot

Plot quantiles of two variables against each other...

Box Plot Q-Q Plot

15
15

Variables with similar
distributions will fall along .
a 45-degree (slope 1) line _| —

In Q-Q plot correlation= .. M }_‘ L

distribution similarity | |

|

nnnnnnn 0 5 10 15



# per bin

Interpreting Q-Q Plots

el . st oo S Plot against theoretical

7N gf: . .
- ‘ quantiles to check model fit
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SciPy

Python-based ecosystem for math, science -
and engineering. @ S c ’ P y

As usual, install with Anaconda:
> conda 1nstall scipy

Or with PyPI:
> plp 1nstall scipy

SciPy includes some libraries that you are already familiar with:

N?s NumPy matpl:tlib



Other useful summary statistics: @ S C " Py
moment(a[, moment, axis, nan_policy]) Calculate the nth moment

about the mean for a sample.

trim_mean(a, proportiontocut[, axis]) Return mean of array after trimming distribution from both
tails.
igr(X[, axis, rng, scale, nan_policy, ...]) Compute the interquartile range of the data along the

specified axis.

bootstrap(data, statistic, *[, vectorized, ...]) Compute a two-sided bootstrap confidence interval of a
statistic.

variation(a[, axis, nan_policy, ddof]) Compute the coefficient of variation.



Trimmed Mean

Mean is not robust to outliers...

>>> X = np.arange(20)
>>> stats.trim_mean(x, 0.1)
2 -
>>> X2 = x.reshape(5, 4)
>>> X2
array([[ o0, 1, 2, 3],
[4, 5, 6, 7],
[ 8 9, 10, 11],
(el T
(16, 17, 18, 19]])
>>> stats.trim_mean(x2, 0.25)
array([ 8., 9., 10., 11.])
>>> stats.trim_mean(x2, 0.25, axis=l)
array([ 1.5, iy 9.5, 13.5, 17.5]})

...trimmed mean “trims” % of either end of data (e.qg. 0.1 2 10%) before
computing the mean value



The Data

Anscomb’s Quartet

Four distinct datasets of paired variables X and Y...

e e s S s Sttt &

i 10 5 B IV

100
e e e A e &

y’

" - y e = s

[ Source: https://www.geeksforgeeks.org/anscombes-quartet/ ]


https://www.geeksforgeeks.org/anscombes-quartet/

Anscomb’s Quartet : Summary Statistics

# Import the csv file
df = pd.read csv("anscombe.csv")

# Convert pandas dataframe into pandas series
listl = df['x1"]
list2 = df['y1']

# Calculating mean for x1
print('%.1f" % statistics.mean(list1))

# Calculating standard deviation for x1
print('%.2f" % statistics.stdev(list1))

# Calculating mean for y1
print('%.1f" % statistics.mean(list2))

# Calculating standard deviation for y1
print('%.2f" % statistics.stdev(list2))

# Calculating pearson correlation
corr, _ = pearsonr(list1l, list2)
print('%.3f" % corr)

# Similarly calculate for the other 3 samples

# This code 1is contributed by Amiya Rout

Start by computing summary
statistics, e.g. Dataset 1:
Mean X1: 9.0
STDEV X1: 3.32
Mean Y1: 7.5
STDEV Y1: 2.03
Correlation: 0.816

Actually, all datasets have the
same statistics...

Question What can we conclude
about these data? Are they the
same?

[ Source: https://www.geeksforgeeks.org/anscombes-quartet/ ]
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Anscomb’s Quartet

Dataset 1

T T T T T T T T
4 6 8 10 12 14 16 18
X1

Dataset 3

I I I I | | | |
4 6 8 10 12 14 16 18
X3

Dataset 2

T T T T T T
4 6 8 10 12 14
X2

Dataset 4

T T
16 18

8
g

I I I I I I
4 6 8 10 12 14
X4

T T
16 18

- Visualization

Visualizing data clearly
indicates that these are very
different datasets...

...this highlights the
importance of visualizing
data
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13 datasets that all have
the same summary
statistics, but look very
different in simple
visualizations

Can be very difficult to
see differences in high
dimensions, however

[ Source: Alberto Cairo ]



http://albertocairo.com/

Types of Data

Data come in many forms, each requiring different approaches & models

Qualitative or categorical : partition
data into classes (flexible but
Imprecise)

Quantitative : can perform
mathematical operations (e.g.
addition, subtraction, ordering)

The square The speed of
footage of a rs

two-bedroom
house

intellspot.com

We often refer to different types of data as variables



Visualizing Categorical Variables

Other Spending

Program 25%
Admlr;l:(t’ratlon Age by Passenger Class, Separated by Survival
Net Cost 80 ¢+ survived
7% ¢ N 0
b student student -, I . ! —
smokes does not smoke | total — ¢ . ; 3
60
Eija gt Hospital 2 parents smoke 400 1380 1780 — ‘
rugs C -
10% iy | parent smokes | 416 1823 2239 >0 -
Q
0 parents smoke 188 1168 1356 2o
Nursing Home tOtal 1004 437 1 5375 30
Care
6% 20
Physician 10
and Clinical 1
Services 0 - - - -
21% First Second Third
class
Proportion of AIDS Cases by Sex and Transmission Category
Diagnosed - USA, 2005
,‘2 = o O does not smoke
S Bl smokes
N
o _|
©
o _| 8
0 0 Male-male contact -
O Injection drug use (IDU)
0 High-risk heterosexual contact
v 2 T B Male-male contact and IDU
o) u Other °
o g
8 g -
o _|
39 g |
n
o ]
o _
O —
2 parents 1 parent 0 parents

Males



Pie Chart

Circular chart divided into sectors, illustrating relative magnitudes in
frequencies or percent. In a pie chart, the area is proportional to the
quantity it represents.

import matplotlib.pyplot as plt

# Pie chart, where the slices will be ordered and plotted counter-clockwise:
labels = 'Frogs', 'Hogs', 'Dogs', 'Logs'

sizes = [15, 30, 45, 10]

explode = (@, 0.1, @, @) # only "explode"” the 2nd slice (i.e. 'Hogs')

figl, ax1l = plt.subplots()
axl.pie(sizes, explode=explode, labels=labels, autopct="%1.1f%%", s
shadow=True, startangle=90) e

axl.axis('equal') # Equal aspect ratio ensures that pie is drawn as a circle.

plt.show()



Bar Chart

We perceive differences in height / length better than area...

X = ['Nuclear', 'Hydro', 'Gas', 'Oil',
energy = [S, 6, 15, 22, 24, 8]
variance = [1, 2, 7, 4, 2, 3]

x pos = [1i for i, _ in enumerate(x)]

plt.bar(x pos, energy, color='green',

plt.xlabel ("Energy Source")

plt.ylabel ("Energy Output (GJ)")

plt.bar ()

yerr=variance)

plt.title("Energy output from various fuel sources"

plt.xticks (x_pos, x)

plt.show()

Energy output from various fuel sources

] ] ]
Hydro Gas O

Coal Biofuel
Energy Source

20

—
W

Energy Output (G))

10
5

:
Nuclear

[ Source: https://benalexkeen.com/bar-charts-in-matplotlib/ ]
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Bar Chart

Don’t make readers ftilt their heads, consider rotating for readability ...
plt.barh ()

— "Naaecel oan v Bl et It Tt /Nae 1 Y o PR, I LR~ ~Fiial "
X = ["Nuclear', Hydro', zas', 011", Coal’, ]

Energy output from various fuel sources

energy = [S5, 6, 15, 22, 24, 8]

variance = [1, 2, 7, 4, 2, 3]

X _pos = [1 for 1, __ in enumerate(x)]

plt.barh(x pos, energy, color='green', Xerr=variance)

plt.ylabel ("

plt.xlabel ("Energy Output (GJ)") Hydro -_
Y )
plt.title ("Energy output from wvarious fuel sources")
10

plt.yticks (x_pos, x)

nergy Source")

Energy Source

g} =

_ 15 20 25
Energy Output (G))
plt.show()

[ Source: https://benalexkeen.com/bar-charts-in-matplotlib/ ]



https://benalexkeen.com/bar-charts-in-matplotlib/

Bar Chart
Multiple groups of bars...

import numpy as np

- Scores by group and gender

— mn s an 4 - 35 - . Men
men means = (20, 35, 30, 35, 27)
b N Women
women means = (25, 32, 34, 20, 25) 30 -
25 -
ind = np.arange (N)
width = 0.35 20 -
plt.bar(ind, men means, width, label='Men') 15 -
plt.bar(ind + width, women means, width,
10 -
label="Women"')
plt.ylabel ('Scores"') 0
Gl G2 G3 G4 G5

plt.title('Scores by group and gender')

Scores

o

(g}

plt.xticks(ind + width / 2, ('Gl1', 'G2', 'G3', 'G4', 'G5'"))
plt.legend(loc="best"')
plt.show()

[ Source: https://benalexkeen.com/bar-charts-in-matplotlib/ ]



https://benalexkeen.com/bar-charts-in-matplotlib/

countries = ['USA', 'GB', 'China', 'Russia', 'Germany']
bronzes = np.array([38, 17, 26, 19, 15])

silvers = np.array([37, 23, 18, 18, 10])

golds = np.array([46, 27, 26, 15, 17])

ind = [x for x, _ in enumerate (countries)]

plt.bar(ind, golds, width=0.8, label='golds', color="'gold', bottom=silvers+bronzes)

plt.bar(ind, silvers, width=0.8, label='silvers', color='silver', bottom=bronzes)

plt.bar(ind, bronzes, width=0.8, label='bronzes', color='#CD853F"') 2012 Olymplcs Top Scorers

120 - © golds
o silvers
plt.xticks(ind, countries) 100 - W bronzes
plt.ylabel ("Medals") .
plt.xlabel ("Countries") .%
plt.legend(loc="upper right") § 60 -
plt.title("2012 Olympics Top Scorers") 40 -
plt.show() £0 - .
0- | 1 1 1 '
USA GB China Russia Germany
Countries

[ Source: https://benalexkeen.com/bar-charts-in-matplotlib/ ]



https://benalexkeen.com/bar-charts-in-matplotlib/

Two-Way Table

Also called contingency table or cross tabulation table. ..

Frequency
student student
smokes does not smoke | total
2 parents smoke 400 1380 1780
| parent smokes 416 1823 2239
0 parents smoke 188 1168 1356
total 1004 4371 5375




Two-Way Table

Also called contingency table or cross tabulation table. ..

Relative Frequency

Column Variable
student student /

smokes does not smoke | total

2 parents smoke
| parent smokes
0 parents smoke

T total
Marginal Distribution
Row Variable Of Column Variable Joint Distribution

Marginal Distribution
Of Row Variable




Two-Way Table

data = [[ 66386, 174296,
[ 58230, 381139,

75131, 577908,
78045,

32015],
99308, 160454],

[ 89135, 80552, 152558, 497981, 603535],
[ 78415, 81858, 150656, 193263, 69638],
[139361, 331509, 343164, 781380, 52269]]

columns = ('Freeze', 'Wind', 'Flood', 'Quake', 'Hail')
rows = ['%d year' % x for x in (100, 50, 20, 10, 5)]

colors = plt.cm.BuPu(np.linspace(@, 0.5, len(rows)))

the _table = plt.table(cellText=cell text,
rowLabels=rows,
rowColours=colors,
colLabels=columns,
loc="bottom")

Adding stacked bars requires
more steps, full code here:
https://matplotlib.orqg/stable/qallery
/misc/table demo.html

Loss by Disaster

2000 A
w» 1500 A
=]
o
o
~
v
= 1000 -
0 ==
Qo
-
500 -
0 Freeze Wind Flood Quake Hall
431.5 1049.4 /99.0 2149.8 91/7.9
ear 292.2 717.8 456.4 1368.5 865.6
year 213.8 636.0 305.7 1175.2 796.0
10 year 124.6 555.4 153.2 677.2 192.5
> year 06.4 174.3 75.1 2/7.9 32.0



https://matplotlib.org/stable/gallery/misc/table_demo.html
https://matplotlib.org/stable/gallery/misc/table_demo.html

Histogram

Empirical approximation of (quantitative) data generating distribution

Histogram of age Age of Presidents at Inauguaration
o
- e
o _ - ._._._o—
._
0]
o 7] o
> o _] -
g = 5 S -
g z .
C
5 £z .-
L o
o - -
AN -
o ._._._
o
o
O p— . — e
| | | | | | | © | | | | | | |
40 45 50 55 60 65 70 40 45 50 55 60 65 70
age age

Empriical Cumulative Distribution Function

Empirical CDF for each x gives P(X<x),

1
F,.(x) = E#(observations less than or equal to x)



Histogram

import numpy as np
import matplotlib.pyplot as plt

Histogram of IQ: u=100, 0=15

np.random.seed(19680801)
0.035 A

# example data

mu = 100 # mean of distribution

sigma = 15 # standard deviation of distribution

X = mu + sigma * np.random.randn(437)

0.030 A

0.025 A
num_bins = 50 %;
c
S

fig, ax = plt.subplots() >, 0.020 ~
et
. e

# the histogram of the data g 0.015

n, bins, patches = ax.hist(x, num_bins, density=True) o ’
a

# add a 'best fit' Lline 0.010 -

y = ((1 / (np.sqrt(2 * np.pi) * sigma)) *
np.exp(-0.5 * (1 / sigma * (bins - mu))*%*2))
ax.plot(bins, y, '--") 0.005 A
ax.set_xlabel('Smarts')
ax.set_ylabel('Probability density')

ax.set_title(r'Histogram of IQ: $\mu=100%, $\sigma=15%")

60 80 100 120 140
Smarts

# Tweak spacing to prevent clipping of ylabel
fig.tight layout()
plt.show()



Scatterplot

Compares relationship between two quantitative variables...

O
g . : i o
s 8 Linear Relationship -
S (correlation) _»
z
o O O O O
3 8 N ’o(o
c OO o - 0 09
= o Ooo@ogoﬂ Q)OOOOO o
5 8 ©, ©O°O0
- o ©) j o Op
o © © o @
T £ °0s S P
arget (or_ response) g 090038, o
O
Variable o 4, - oo
©)
I [ [ I [
20 25 30 35 40

average age of the parent

Explanatory Variable / Relationship can also be:

* Nonlinear (e.g. “curvy”)

Also: predictor, descriptor, input
» Clustered or grouped



Scatterplot

100 A

- 75_
import numpy as np

import matplotlib.pyplot as plt 50 1

25 A

# Fixing random state for reproducibility - -

np.random.seed(19680801)

# some random data

X = np.random.randn(1000)

np.random.randn(1000) 2 °

def scatter_hist(x, y, ax, ax_histx, ax_histy):
# no labels &

ax_histx.tick_params(axis="x", labelbottom=False) °
ax_histy.tick params(axis="y", labelleft=False)

# the scatter plot:
ax.scatter(x, y)

# now determine nice Limits by hand: —4

binwidth = 0.25 . . . ' . .
xymax = max(np.max(np.abs(x)), np.max(np.abs(y))) i -2 0 2 4 0 50
lim = (int(xymax/binwidth) + 1) * binwidth FU” Code_

bins = np.arange(-lim, lim + binwidth, binwidth) https./matplotlib.org/stable/qgallery/lines _bars _a
ax_histx.hist(x, bins=bins) nd _markers/scatter _hist.html

ax_histy.hist(y, bins=bins, orientation='horizontal')


https://matplotlib.org/stable/gallery/lines_bars_and_markers/scatter_hist.html
https://matplotlib.org/stable/gallery/lines_bars_and_markers/scatter_hist.html

Timeseries

Fr o — o T Data follow an explicit ordering

ax.plot('date', 'adj_close', data=data)

# Major ticks every 6 months.
fmt_half_year = mdates.MonthlLocator(interval=6)

ax.xaxis.set _major_locator(fmt_half year) 700 -
# Minor ticks every month. 600 4
fmt_month = mdates.MonthlLocator()
ax.xaxis.set_minor_locator(fmt_month) 500 A
# Text in the x axis will be displayed in 'YYYY-mm' format. 400 -
ax.xaxis.set _major_formatter(mdates.DateFormatter('%Y-%m"'))

300 -

# Round to nearest years.
datemin = np.datetime64(data[ 'date’'][0], 'Y") 200 -
datemax = np.datetime64(data['date’'][-1], 'Y') + np.timedelta64(l, 'Y")

ax.set_xlim(datemin, datemax) 100 1

# Format the coords message box, i.e. the numbers displayed as the cursor moves NQ\ ol o .ol o> .ol o> ol o> %59 qnﬁ
# across the axes within the interactive GUI. 199 199 199 199 199 160 199 199 199 199 1§0
ax.format_xdata = mdates.DateFormatter('%Y-%m")

ax.format_ydata = lambda x: f'${x:.2f}" # Format the price.

ax.grid(True)

# Rotates and right aligns the x labels, and moves the bottom of the
# axes up to make room for them.

fig.autofmt xdate()

plt.show()



Logarithm Scale

Changing limits and base of y-scale highlights different aspects...

20

15

10

billions of barrels

o

World Oil Production

°

©
o
!

o

/

o

/

o

o

o
o
/
o
/
ge
0
OOOO
0—0—00000
| | | | | |
1880 1900 1920 1940 1960 1980

year

log(billions of barrels)

1.0

0.5

-15 -10 -05 0.0

World Oil Production

1880

1900 1920 1940 1960

year

1980

..log-scale emphasizes relative changes in smaller quantities



Line Plots in Log-Domain

# Data for plotting
t = np.arange(0.01, 20.0, 0.01)

4 Create Fioure semilogy semilogx
fig, ((ax1, ax2), (ax3, ax4)) = plt.subplots(2, 2) 109 5 1.0 - ﬂ n
# log y axis ] 0.5 4
axl.semilogy(t, np.exp(-t / 5.0)) :
axl.set(title="semilogy")
. 0.0 -
ax1l.grid() 10-1 4
# log x axis ] —0.5 1
ax2.semilogx(t, np.sin(2 * np.pi * t)) ] u
ax2.set(title="semilogx"') 1 —-1.0 4
57 sl T T T T T L B B B AL B R R R A | T T T
' 0 5 10 15 20 102 10-1 100 101
# log x and y axis .
ax3.loglog(t, 20 * np.exp(-t / 10.0)) loglog base 2 on x Errorbars go negative
ax3.set_xscale('log', base=2) 2x 10! 10% ;
ax3.set(title="loglog base 2 on x') E
ax3.grid() 103 1
10* A 5
# With errorbars: clip non-positive values . 102 :
# Use new data for plotting 0 : .
X = 10.0**np.linspace(0.0, 2.0, 20) 6x10 | 101 3
y = x**2.0 0 | ]
4 x 100 10° -
ax4.set_xscale("log", nonpositive="'clip"') 3x10" 1 13
T T T T 10~ T L B LR L B B R LR |

ax4.set_yscale("log", nonpositive="'clip")
ax4.set(title="Errorbars go negative') 273 272 2! 24 10° 101 10?
ax4.errorbar(x, y, xerr=0.1 * x, yerr=5.0 + 0.75 * y)

# ylim must be set after errorbar to allow errorbar to autoscale Limits

ax4.set_ylim(bottom=0.1)



Pandas

!l pandas

Open source library for data handling and
manipulation in high-performance environments.

Installation If you are using Anaconda package manager,

conda install pandas

Or if you are using PyPi (pip) package manager,

pip install pandas

See Pandas documentation for more detailed instructions
https://pandas.pydata.org/docs/qgetting started/install.html



https://pandas.pydata.org/docs/getting_started/install.html

DataFrame

Primary data structure : Essentially a table

G g
Columns
Name Team Number Position Age
0 AveryBradley Boston Celtics 0.0 PG 25.0
/ 1 JohnHolland  Boston Celtics  30.0 G 27.0
Rows Z———> 2 |Jonas Jerebko Boston Celtics PF 29.0
3 Jordan Mickey| |Boston Celtics NaN PF 21.0
4 Terry Rozier Boston Celtics 12.0 22.0
5 Jared Sullinger | Boston Celtics 7.0
6 Evan Turner Boston Celtics 11.0
Data
3 J

[ Source: https://www.geeksforgeeks.org/python-pandas-dataframe/ ]



https://www.geeksforgeeks.org/python-pandas-dataframe/

DataFrame Example

Create and print an entire DataFrame

0

# import pandas as pd 0 Geeks

import pandas as pd 1 For

# list of strings

lst = ['Geeks', 'For', 'Geeks', 'is', 2 Geeks

‘portal’, 'for', 'Geeks'] 3 i

# Calling DataFrame constructor on list 4 portal
df = pd.DataFrame(lst)

print(df) 5 for

6 Geeks

[ Source: https://www.geeksforgeeks.org/python-pandas-dataframe/ ]



https://www.geeksforgeeks.org/python-pandas-dataframe/

DataFrame Example

Can create named columns using dictionary

import pandas as pd

Name Age

# intialise data of lists.
data = {'Name':['Tom"', 'nick', ‘krish', 'jack'], 0 Tom 20
"Age':[20, 21, 19, 18]}

# Create DataFrame 1 nick 21
df = pd.DataFrame(data) ) rish -
# Print the output. .

print(df) 3 jack 18

[ Source: https://www.geeksforgeeks.org/python-pandas-dataframe/ ]



https://www.geeksforgeeks.org/python-pandas-dataframe/

DataFrame : Selecting Columns

Select columns to print by name,

# Import pandas package
import pandas as pd
: - .. Name Qualification
# Define a dictionary containing employee data
data = {'Name’':['Jai', 'Princi', 'Gaurav', 'Anuj'l],

‘Age’:[27, 24, 22, 32], 0 Jai Msc

'Address':['Delhi', 'Kanpur', 'Allahabad', 'Kannauj'], o

'Qualification':['Msc', 'MA', 'MCA', 'Phd']} 1 Princi MA
# Convert the dictionary into DataFrame 2 Gaurav MCA

df = pd.DataFrame(data)
3 Anyj Phd

# select two columns
print(df[["Name', 'Qualification']])

[ Source: https://www.geeksforgeeks.org/python-pandas-dataframe/ ]



https://www.geeksforgeeks.org/python-pandas-dataframe/

DataFrame : Selecting Rows

import pandas as pd
import numpy as np

# Define a dictionary containing employee data

data = {'Name':['Jai', 'Princi', 'Gaurav', 'Anuj'l,
'Age':[27, 24, 22, 32],
'Address':['Delhi', 'Kanpur', 'Allahabad', 'Kannauj'],
'"Qualification':['Msc', 'MA', 'MCA', 'Phd']}

# Convert the dictionary into DataFrame

df = pd.DataFrame (data) Name
1 Princi

# Print rows 1 & q 2 Gaurav

row = df.loc[1l:2]

print (row)

Output

Age Address Qualification

24 Kanpur
22 Allahabad

MA
MCA



DataFrame : Selecting Rows

head ()and tail () select rows from beginning / end

import pandas as pd
import numpy as np

# Define a dictionary containing employee data

data = {'Name':['Jai', 'Princi', 'Gaurav', 'Anuj'l,
'Age':[27, 24, 22, 32],
'Address':['Delhi', 'Kanpur', 'Allahabad', 'Kannauj'],
"Qualification':['Msc', 'MA', 'MCA', 'Phd']}

# Convert the dictionary into DataFrame SNEe
df = pd.DataFrame (data) 0 Jal
1 Princi

# Print first / last rows

first2 = df.head(2) Name
last2 = df.tail(2) 2 Gauray
print (first2) 3 Anuj

print ('\n', last2)

Output

Age Address Qualification

27 Delhi Msc
24 Kanpur MA
Age Address Qualification
22 Allahabad MCA
32 Kannauj Phd



Reading Data from Files

Easy reading / writing of standard formats,

df = pd.read json("data.json")
print (df)

df.to csv("data.csv", index=False)
df csv = pd.read csv("data.csv")
print (df csv.head(2))

Output

Duration Pulse Maxpulse Calories

0 60 110 130 409.1
1 60 117 145 479.0
2 60 103 135 340.0
3 45 109 175 282.4
4 45 117 148 406.0
164 60 105 140 290.8
165 60 110 145 300.4
166 60 115 145 310.2
167 75 120 150 320.4
168 75 125 150 330.4

[169 rows X 4 columns]

Duration Pulse Maxpulse Calories
0 60 110 130 409.1
1 60 117 145 479.0



Data Structure Conversions

Working with DataFrames outside of Pandas can be tricky,

0 60

1 60

df ['Duration'] 2 60

3 45

4 45

_ o 164 60

We can easily convert to built-in types, 165 60

for example to a list (e.g. to use in 167 75
Numpy or Whatever)’ I:\LTsI?le: DZliation, Length: 169, dtype: inte4

L = df['Duration'].to list()
print (L)

[60, 60, 60, 45, 45, 60, 60, 45, 30, 60, 60, 60, 60, €0, 60, 60, 60, 45, 60, 45, 60, 45, €0, 45, 60, 60, 60, 60, 60,
60, 60, 45, 60, 60, 60, 60, 60, 60, 60, 45, 45, €0, 60, 60, 60, 60, 60, 45, 45, 60, 60, 80, 60, 60, 30, 60, 60, 45, 2
0, 45, 210, 160, 160, 45, 20, 180, 150, 150, 20, 300, 150, 60, 90, 150, 45, 90, 45, 45, 120, 270, 30, 45, 30, 120, 4

5, 30, 45, 120, 45, 20, 180, 45, 30, 15, 20, 20, 30, 25, 30, 90, 20, 90, 90, 90, 30, 30, 180, 30, 90, 210, 60, 45, 1

5, 45, 60, 60, 60, 60, 60, 60, 30, 45, 60, 60, 60, 60, 60, 60, 90, 60, 60, 60, 60, 60, 60, 20, 45, 45, 45, 20, 60, 6

0, 45, 45, 60, 45, 60, 60, 30, 60, 60, 60, €0, 30, 60, 60, 60, 60, 60, 30, 30, 45, 45, 45, 60, 60, 60, 75, 75]



Summary Statistics

Easily compute summary statistics on data

print ('Min: ', df['Duration'].min())
print ('Max: ', df['Duration'].max())
print ('Median: ', df['Duration'].median())

60
45
30
20
90
150

~J
O

Min: 15
Max: 300
Median: 60.0

= W
0w o N

120

Can also count occurrences of 280

. 15
unique values, 75
160
210
270
Bf['Duration'].value counts () 5
300
g0 1
Name: Duration, dtype: into4

2NN NN W WS
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https://matplotlib.org/

Pandas / Matplotlib Integration

from pandas.plotting import table

fig, ax = plt.subplots(1, 1)

df = pd.DataFrame(np.random.rand(5, 3), columns=["a", "b", "c"])

table(ax, np.round(df.describe(), 2), loc="upper right", colWidths=[0.2, 0.2, 0.2]);
df.plot(ax=ax, ylim=(@, 2), legend=None);

2.00

a b C
count 5.0 5.0 5.0
1.75 4 mean 0.56 0.38 0.41
std 0.24 0.39 0.2
min 0.2 0.01 0.13
1.50 1 25% 0.46 0.12 0.31
50% 0.63 0.27 0.47
75% 0.65 0.51 0.53
DataFrame.plot() wraps

‘ Matplotlib’s plot() function

0.75 A

0.50 ' :
0.25

0.00

0.0 0.5 1.0 15 2.0 2.5 3.0 3.5 4.0



Pandas / Matplotlib Integration

df = pd.DataFrame(np.random.randn(1000, 4), index=ts.index, columns=1list("ABCD"))
df = df.cumsum()

plt.figure();

df.plot();

Specifies reasonable defaults
for colors, legend, efc.

o . 'Julv"”Ja'n””'JL'JI”H Ja,n —— Jl'l|



Pandas / Matplotlib Integration

df.plot(subplots=True, figsize=(6, 6));

10 G
5
0 p— A 40 -
0 0 -
-5 - 30
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50 A
— — D
25 40 A
*+‘to~ 20 -
50 1
— D 0-
= _20 J M T TrTTTTTYT
........... S Jan Ju| lan JU| lan JU'
Jan Jul Jan Jul Jan Jul
2000 2001 2002

df.plot(subplots=True, layout=(2, 3), figsize=(6, 6), sharex=False);



Pandas / Matplotlib Integration

fig, axes = plt.subplots(4, 4, figsize=(9, 9))

plt.subplots_adjust(wspace=0.5, hspace=0.5)

targetl = [axes[@] [0], axes[1][1], axes[2][2], axes[3][3]]

target2 = [axes[3][0], axes[2][1], axes[1][2], axes[@][3]]
df.plot(subplots=True, ax=targetl, legend=False, sharex=False, sharey=False);
(-df).plot(subplots=True, ax=target2, legend=False, sharex=False, sharey=False);
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L
0.50 104 ],‘h, Ny '1| 20 - 0.50 1
LT
0.25 of L V| 0.25
1[”1 uuu ' 0
0.00 ; -10 : . . . 0.00 .
0.0 0.5 1.0 Jan Jul jan Jul jan Jul Jan Jul Jan Jul jan Jul 0.0 0.5 1.(
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201 0.75 - 0.75 - 40 1
10 1 0.50 A 0.50 - 207
01 0.25 - 0.25 - 01
. . 0.00 . 0.00 : -20
Jan Jul jan Jul jan Jul 0.0 0.5 1.0 0.0 0.5 1.0 Jan Jul jan Jul jan Jul
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Easy control over subplot
placement & handling



Pandas / Matplotlib Integration

plt.figure();
df.iloc[5].plot(kind="bar");
9 [___IF!
e b
2 8 [ e
. d
7
1-
6
0 - 5
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df2 = pd.DataFrame(np.random.rand(1@, 4), columns=["a", "b", "c",

df2.plot.barh(stacked="True");
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Pandas / Matplotlib Integration

ser = pd.Series(np.random.randn(1000))
ser.plot(kind="density");




Pandas / Matplotlib Integration

from pandas.plotting import bootstrap_plot
data = pd.Series(np.random.rand(1000))
bootstrap_plot(data, size=50, samples=500, color="grey");
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More Visualization Resources

datavizcatalogue.com

Arc Diagram Ar

.

Bubble Map Bul

Q
° Description Anotomy
Qe

Also known as a Link Map or Ray Map.

Connection

Connection Maps are drawn by connecting points placed on
a map by straight or curved lines

While Connection Maps are great for showing connections J’
and relationships geographically, they can also be used to A
display map routes through a single chain of links
Connection Maps can also be useful in revealing spatial
patterns through the distribution of connections or by how
B

Circle Packing Conn

concentrated connections are on a map.
Functions

Error Bars Fli

DO

lllustration Diagram Kagi Chart Line Graph Marimekko Chart ~ Multi-set Bar Chart ~ Network Diagram

matplotlib.org

scikit-learn.org



