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— About myself

THOMAS JANSSON

PERSONAL Thomas R. N. Jansson (b. 1982)
SUMMARY Copenhagen, Denmark
Mobile: +45 29722392
E-mail: tjansson@tjansson.dk
Technical blog: tjansson.dk
GitHub: github.com /tjansson60
LinkedIn: linkedin.com /in/tjanssonl

My key strengths lie in the combination of deep technical un-
derstanding and interpersonal skills allowing me to efficiently
communicate results and ideas to technical as well as non-
technical audiences. My open extrovert mindset and inquisi-
tive personality were formed through almost a decade as a

customer-faced consultant and later through internal stakeholder management, mentoring
and leadership. My key responsibilities in my recent roles have covered:

Building, managing, and developing a team of highly skilled data scientists/engineers
Defining the data and analytics strategy for the team and company
Cross-disciplined communication with clients, product teams and decision-m akers
Public speaking at conferences, universities and technical meet-ups

Build or facilitate the building of pipelines processing very large amount of data
Hands-on data- analysis, ML, modeling, mining and processing pipelines in python

Building and maintaining data quality and model monitoring infrastructure as dash-
boards or bespoke automated reports

Leading sales of anonymized and GDPR compliant data and insights

SELECTED JoB 2021 Nov — Director of Data and Analytics at Connected Cars managing the data scien-

EXPERIENCES

ce/engineering team, leading the commercial sales of anonymized data and insights,
ensuring standards and GDPR compliance and general development in the tech ope-
rations and organization.

2020 — External examiner (censor) or supervisor on master theses at Technical University

of Denmark (DTU) focused on applied machine learning in transportation/IoT.

Work

e Director of data and analytics at the automotive |oT company
Connected Cars

e External examiner (censor) and occasionally co-supervisor on
master theses at DTU focused on applied machine learning in
transportation/IoT.

e Previously at worked at large companies such as
Schlumberger and Meersk as well as smaller
start-up/scale-ups namely Qeye Labs.

Private

e | am currently quite interested in carbon steel pans, knife
sharpening, preparing a perfect espresso puck and youtube
videos on meticulously restoring old paintings and
powerwashing

e My wife is a musician and she does not work with data

e | have 2 kids aged 7 and 10. They play music, but do not work
with data ... yet.
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— Color Scales

Sequential, diverging or gualitative?

Color blindness:

o  ~4% of all people: 8% of males, 0.4% females
B/W friendly?
o Is the same story told in B/W on paper?
o ReMarkable/Ebook?
Projector, online meeting or bad screen friendly?
o  Bright colored lines on white background can often not be seen
o Cheap screens wash-out colors and can change the
conclusions

o Some online meeting compresses colors harshly
Color psychology:

o Is green good and red bad? Which culture? Religion?
o Color scales in shades of company colors can seem beautiful,
but might be misleading to the story being told with the data.

https:/matplotlib.org/stable/tutorials/colors/colormaps.html
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https://colorbrewer2.org/
https://coloursandmaterials.wordpress.com/2014/11/07/colour-and-cultural-design-considerations/
https://matplotlib.org/stable/tutorials/colors/colormaps.html

—— Color Scales - ColorBrewer

Number of data classes: |4 v

colorbrewer?2.org

The original ColorBrewer (v1.0) was
funded by the NSF Digital Government
program during 2007-02, and was
designed at the GeoVISTA Center at Penn
State (National Science Foundation
Grant No. 9983451, 9983459, 9983467).

The design and rebuilding of this new
version (v2.0) was donated by Axis Maps
LLC, winter 2009 and updated in 2013.
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https://colorbrewer2.org/

— Color Scales - Decision making

a) Grey b) Jet d) Viridis
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Fig 1. Example of a misleading colormap. Comparison between different colormaps overlaid onto the test image by Practicsl Salinity [Pss:76]
Kovesi and a nanoscale secondary ion mass spectrometry image. Colormaps are as follows: (a) perceptually uniform : = snesrora .
grayscale, (b) jet, (c) jet as it appears to someone with red-green colorblindness, and (d) viridis [1], the current gold o

standard colormap. Below each NanoSIMS image is a corresponding *colormap-data perceptual sensitivity (CDPS) il

plot, which compares perceptual differences of the colormap to actual, underlying data differences. m is the slope of the £ i

fitted line and r* is the coefficient of determination calculated using a simple linear regression. An example of how the E‘ ]

data may be misinterpreted are evident in the bright yellow spots in (b) and (c), which appear to represent significantly 30 -

higher values than the surrounding regions. However, in fact, the dark red (in b) and dark yellow (in ¢) actually 35

represent the highest values. For someone who is red-green colorblind, this is made even more difficult to interpret ! : - Oxlysgen e 3 ! : . ofsyge" g &

due to the broad, bright band in the center of the colormap with values that are difficult to distinguish. Distance [km] Distance [km]

https://doi.org/10.1371/journal.pone.0199239.9001

https://arxiv.org/ftp/arxiv/papers/1712/1712.01662.pdf

https://www.researchgate.net/publication/307517997 True Colors_of Oceanograph
y_Guidelines_for Effective_and_Accurate _Colormap_Selection



https://arxiv.org/ftp/arxiv/papers/1712/1712.01662.pdf
https://www.researchgate.net/publication/307517997_True_Colors_of_Oceanography_Guidelines_for_Effective_and_Accurate_Colormap_Selection
https://www.researchgate.net/publication/307517997_True_Colors_of_Oceanography_Guidelines_for_Effective_and_Accurate_Colormap_Selection

— Tabular data

Help the reader/audience get to the conclusion as fast as possible.

What should the eye be attracted to? What is the take-away?

e Right adjusted numbers
e Same number of decimals
e Color-coded values
e Visualize values in any other way than tabular form
800
600
400
200
0

10.60993289  44.59277676 5061605754  38.82107646  33.48668592
56.10516942  93.13326587  10.3314877 4936636586  47.04618504
39.28700773  9.942695396  86.53846721 68.39615183  55.86812168
21.85301722 58.27251118  73.64551648 0.2535518372 82.22323598
17.95054359  57.85249146 9446657444  39.79791777  43.15542339
18.94158961  66.7944672 88.92852505 60.31992596  32.8086336
52.47441208  10.80713061  39.2798807 595477883 77.27248558
74.7521607 9440775885  11.05905519  50.82650361  26.33463134
18.04895091 98.76256847  87.86336686  14.63093879 5582924948
83.89442457  23.27182247 80.70338847  2.582754976  80.75585779

Left aligned and varying number of decimals
10.6099329 44 5927768 50.6160575 38.8210765 33.4866859
56.1051694 93.1332659 10.3314877 49.3663659 47.0461850
39.2870077 9.9426954 86.5384672 68.3961518 55.8681217
21.8530172 582725112 73.6455165 0.2535518 82.2232360
17.9505436 57.8524915 94.4665744 39.7979178 43.1554234
18.9415896 66.7944672 88.9285251 60.3199260 32.8086336
52.4744121 10.8071306 39.2798807 595477883 77.2724856
74.7521607 94.4077588 11.0590552 50.8265036 26.3346313
18.0489509 98.7625685 87.8633669 146309388 55829249
83.8944246 23.2718225 80.7033885 2.5827550 80.7558578
Right alignment and fixed number of decimals
106099329 445927768  50.6160575 38.8210765  33.4866859
1 56.1051694 10.3314877  49.3663659  47.0461850
39.2870077 9.9426954 ~ 55.8681217
21.8530172 5112 0.2535518
17.9505436 39.7979178  43.1554234
18.9415896 ~ 60.3199260 32.8086336
524744121 108071306 392798807 595477883
11.0590552  50.8265036 26.3346313
18.0489509 146309388 5.5829249
23.2718225 2.5827550

Right aligned, fixed number of decimals and color-coded



— Tabular data - example from the wild

This happens all the time in the real world. To the left is an
example | found last week on arXiv

arXiv:2211.07338v1 [astro-ph.IM] 14 Nov 2022
https:/arxiv.org/pdf/2211.07338.pdf

H. Krdsna et al.: VLBI Celestial and Terrestrial Reference Frames VIE2022b

Table 10. List of sources with angular separation between ICRF3 and VIE2022b-sx larger than 10 mas.

IERS VS Aa® Aé | angular separation | first obs. | last obs. no. of | no. of
name name [mas] [mas] [mas] [mjd] [mjd] | sessions obs.
0106-391 | - -3.51+4.80 —-23.60 + 18.08 23.86 + 17.89 | 58203.3 | 59460.3 6 64
0134+329 | 3C48 1.25 +0.05 -56.85 + 0.08 56.87 +0.08 | 48193.8 | 59378.0 49 | 1736
0201-440 | - =99.25 + 55.92 99.26 +55.92 | 58143.4 | 59508.8 4 15
0316+162 | CTA21 2.10 + 0.06 -10.22 +0.12 10.44 £ 0.12 | 50084.5 | 59378.0 17 | 1299
0328-060 | - 29.73 +4.54 -16.02 + 6.97 3377 +5.19 | 56874.5 | 59440.3 8 54
0350+177 | - -6.78 + 0.84 63.43 +1.33 63.79 + 1.33 | 57924.7 | 59405.2 6 116
0512-129 | - -3.68 +1.74 9.31 +4.41 10.01 £4.15 | 58143.4 | 59522.9 5 69
0709+008 | - 9274312 10.35+2.94 | 52939.7 | 58631.3 T 82
0748-378 | - -9.33 £ 10.52 48.22 +25.45 49.12 +£25.07 | 57011.1 | 59508.8 8 40
0753-425 | - 1.46 +0.73 12.36 +2.24 12.45+2.22 | 55370.8 | 59522.9 7 123
0903-392 | - 1.93 +4.72 -15.35 + 14.04 15.47 +13.94 | 57046.0 | 58981.5 7 32
0932-281 | - 6.54 +1.79 7.87 +4.55 10.23 +3.68 | 50687.3 | 59508.8 6 99
0951+699 | - 12.00 + 35.25 -4.94 + 34.56 12.98 +35.15 | 58203.3 | 58592.8 3 12
1015-314 | - 3.58 +2.21 -17.51 +5.26 17.87 £5.17 | 52305.8 | 59560.6 8 77
1117-248 | - -12.40 +2.21 11.22 +3.09 16.72 +2.64 | 50631.3 | 59463.5 12 71
1306+660 | - —15.08 + 3.58 -33.07 +4.77 36.35+4.59 | 57011.1 | 59405.2 8 65
1305-241 | - 6.90 + 8.14 14.74 + 9.89 16.27 £9.60 | 58158.9 | 59440.3 5 44
1328+254 | - 8.48 +0.57 17.13 £ 0.89 19.11 £ 0.83 | 52408.7 | 58644.9 6 164
1422+268 | - -2.98 +4.87 —12.57 + 4.64 1291 £4.66 | 58136.6 | 58981.5 4 46
1507-246 | - 70.00+1.80 | -128.92+3.36 146.70 £ 3.08 | 57924.7 8 68
1539-093 | - -29.52 + 12.78 13.61 + 10.61 32.50 +12.43 | 50575.3 | 58981.5 9 36
16124797 | - 7.06 + 0.64 -7.36 +0.74 10.20 £0.70 | 53780.1 | 58510.3 6 237
1657-298 | - 346.60 + 5.03 —687.18 + 8.32 769.64 +7.76 | 57973.7 7 40
1706-223 | - -3.66 + 0.64 -14.04 +1.73 14.51 £ 1.68 | 57011.1 | 58746.6 5 123
1711-251 | - 213.09 + 188.33 | —466.99 + 364.28 513.31 +340.50 | 57596.8 | 58981.5 7 16
1755+626 | - -21.04 +2.94 -41.25 +2.63 46.31 £2.70 | 55370.8 | 59522.9 9 105
1829-106 | - 21.41 +4.07 -35.84 +3.56 41.74 £3.70 | 51731.8 | 59560.6 10 17
1858-143 | - -2.82+12.25 28.09 + 16.33 28.23 +16.29 | 58203.3 | 58981.5 4 23
1934-638 | - -22.59 + 0.88 2.69 +0.72 22.75+0.88 | 48765.9 | 59065.7 8 36
2028-204 | - 494.59 + 15.25 | -1021.10 + 32.61 1134.58 +30.10 | 58203.3 | 59460.3 5 19
2105-212 | - 9.91 +1.25 -4.23+242 10.77 £ 1.49 | 57011.1 | 59535.8 8 83
2216-007 | - 73.13 £2.36 -85.80 +3.11 112.73 +2.82 | 56266.8 | 58644.9 6 80
2219-340 | - 13.60 + 6.72 10.41 + 18.62 17.13 £ 12.51 | 57098.3 | 58981.5 7 36
2318-195 | - 10.27 +0.73 20.12 + 1.80 2259 +1.64 | 58143.4 | 59460.3 6 101
2346+750 | - -1.74 + 047 10.99 + 0.63 11.12+0.62 | 57808.9 | 59560.6 T 134




— Tabular data - ATK example, before

0

Evaluation of speed changes (ATK -
Automatisk Trafikkontrol) on a
section of road over a week before
and after the installation of the ATK.

The colors darken in the after plot
indicating a drop in the average
speed after the installation.

Without color coding of the table it
would be much harder to get a
understanding of the data. The
colors helps the reader understand
the story told be the data.
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Evaluation of speed changes (ATK -
Automatisk Trafikkontrol) on a
section of road over a week before

and after the installation of the ATK.

The colors darken in the after plot
indicating a drop in the average
speed after the installation.

Without color coding of the table it
would be much harder to get a
understanding of the data. The
colors helps the reader understand
the story told be the data.
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— Tabular data - ATK example, after
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— Tabular data - ATK example, comparison

Distribution of speed for each hour of the day before installation

Before the installation (blue) the
average speeds are higher and the
distributions have more values
above 70 km/h.

After (orange) the average speeds
are lower and the have less points
above the speed limit at 70 km/h.




— Using plotting to communicate uncertainty

tips = sns.load _dataset("tips")
tips['Tip [%]'] = (tips['tip']/tips['total_bill'])*100
tips
total_bill tip sex smoker day time size Tip [%]
0 16.99 1.01 Female No Sun Dinner 2 5.944673
1 1034 166  Male No Sun Dinner 3 16.054159
2 21.01 3.50 Male No Sun Dinner 3 16.658734
3 23.68 3.31 Male No Sun Dinner 2 13.978041
4 2459 3.61 Female No Sun Dinner 4 14.680765
239 29.03 592 Male No Sat Dinner 3 20.392697
240 27.18 2.00 Female Yes Sat Dinner 2 7.358352
241 2267 2.00 Male Yes  Sat Dinner 2 8.822232
242 17.82 1.75 Male No Sat Dinner 2 9.820426
243 18.78 3.00 Female No Thur Dinner 2 15.974441

244 rows x 8 columns

Using the data example “tips” from Seaborn, see:

e github.com/tjansson60/presentation-storyvtelling-with-data

| will explore the dataset and try to investigate if the tip percentage is larger or
smaller at lunch compared to dinner timer.

count

time
Lunch 68
Dinner 176

mean

16.412793

15.951779

—/

min

7.296137

3.563814

perc_05 quantile_Q1

10.268848

7.637882

13.914666

12.319151

median

15.408357

15.540002
\——/

quantile_Q3 perc_95 perc_99 max

19.391734 23.220675 26.162351 26.631158

18.820878 24.179134 34.846634 71.034483



https://github.com/tjansson60/presentation-storytelling-with-data

— Using plotting to communicate uncertainty
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— Using plotting to communicate uncertainty

Historgrams

It seems the lunch time tips are bimodal, something that was hard to see in the previous plots. maey

—‘ @ Dinner

This is why early data exploration is so important!

import seaborn as sns
import dtale

1

if __name__ == '_main__

tips = sns.load_dataset("tips")
tips['Tip [%]'] = (tips['tip'] / tips['total_bill']) * 100

d = dtale.show(tips, subprocess=}
d.open_browser()
i [ | [ |
P-TALE Describe 50 ) ™
#a Visible Column Name Data Type Tip [%] (float64)
(Use 1 | buttons to switch columns)
0 total_bill fioat64
= Describe Iiﬁm Categories | Q-Q Piot <> Code Export
! tip floates (Use «— — buttons to switch charts)
2 sex category i o j
3. @ smoker cotecory (R 0| pese sty | | (croosecon | e X ¥ , o
. day pr— | B . D-Tale is the combination of a Flask
- — B back-end and a React front-end to bring
§ 15 .
| 8 |mepd Bt o ‘ you an easy way to view & analyze
B Pandas data structures. It integrates
LSO/ SO & S g P . .
O g seamlessly with ipython notebooks &
O e gt O W \\\\w- b(;\ \:v':/ £
Bin

python/ipython terminals.



https://github.com/man-group/dtale

Anscombe's quartet

In the 1970 the statistician Francis Anscombe created 4 dataset that had
almost identical descriptive statistics, but very different distributions and

visual representations. They had the same:

Means of x and y

Variance of x and y
Correlation between x and y
Same linear regression and R2
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Anscombe's quartet
https:/en.wikipedia.org/wiki/File:Anscombe%27s _quartet 3.svg#filelinks

The Datasaurus Dozen (2016)
https:/www.autodesk.com/research/publicat
ions/same-stats-different-graphs



https://en.wikipedia.org/wiki/File:Anscombe%27s_quartet_3.svg#filelinks
https://www.autodesk.com/research/publications/same-stats-different-graphs
https://www.autodesk.com/research/publications/same-stats-different-graphs

— Highlight the change - not the plots
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Only the change should be highlighted in the comparison. Avoid:

e Slight misalignment of plots
e Scales moving back and forth

Guide the eyes towards the change and not the surroundings.

Pre-calculated mean

Dinner

12 14 16

o
N
o
[=2]
[=-]
a3

Tip [%]




— Highlight the change - not the plots

Pre-calculated median
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— Highlight the change - not the plots

, but in complex such as seismic sections this is crucial.

Bar plots are simple and can perhaps be over explained

Left: Seismic section from the free Project F3 Demo 2020 seismic dataset plotted using the free OpendTect

Right: Plots from the wiki of the Society of Exp

oration Geophysicists SEG
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https://terranubis.com/datainfo/F3-Demo-2020
https://dgbes.com/software/opendtect
https://wiki.seg.org/wiki/Picking_unconformities

— Highlight the change - not the plots

but in complex such as seismic sections this is crucial.

’

oration Geophysicists SEG are not pixel perfect and it is hard tell what the difference is

L

Left: Seismic section from the free Project F3 Demo 2020 seismic dataset plotted using the free OpendTect

Right: Plots from the wiki of the Society of Exp

Bar plots are simple and can perhaps be over explained
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https://terranubis.com/datainfo/F3-Demo-2020
https://dgbes.com/software/opendtect
https://wiki.seg.org/wiki/Picking_unconformities

— Scatterplots can be deceiving

°
oo oo

13.000 points
Seemingly simple conclusion that the data follows a linear
relationship with some noise
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— Scatterplots can be deceiving

°
oo oo

e 13.000 points

Seemingly simple conclusion that the data follows a linear

relationship with some noise

Secondary hidden relationship in data only visible using

kde or histogram plots, due to severe overplotting

¢ Koolau @ Mauna Kea
AKilauea # Hawaii post-shield
0.6 — ® Hawaii pre-shield ©Mauna Loa
+ Iceland = Azores L4
+ Canaries o W. Greenland o ® 4
= Reunion © Gorgona komatiites

NiO (wt%)

Figure 1 Compositions of olivines from mantle-derived rocks. Blue field, peridotites from
mantle xenoliths, orogenic massifs and ophiolites; purple field, oceanic abyssal
peridotites; beige field, phenocrysts from mid-ocean-ridge basalts; light green field,
overlap between peridotite and phenocryst fields; pink field, overlap between oceanic
abyssal peridotites and phenocrysts from mid-ocean-ridge basalts. Most data are from
our unpublished database (data of A.V.S. on Hawaii, D. Kuzmin on Iceland, V. Kamenetsky
on Gorgona, |. Nikogosian and T. Elliott on the Azores, I. Nikogosian on the Canaries and
Reunion and V. Batanova for olivines from mantle peridotites). Olivines of Archaean

NATURE |VOL 434 | 31 MARCH 2005 | www.nature.com/nature

komatiites from Belingwe show NiO contents only 0.02 wt% higher than Gorgona
komatiites (L. Danyushevsky, personal communication) and follow the upper boundary of
the mantle peridotite field (blue). Additional data are from the GEOROC and PETDB
databases* (see Supplementary Information for major references) and from ref. 47.
Olivines from shield-stage Hawaiian basalts vary significantly in Ni content at constant Fo,
with the majority systematically enriched in Ni compared with olivine from mantle
peridotites, komatiites and common basalts. Olivines from post-shield and pre-shield
Hawaiian basalts are similar to peridotites and common basalts.
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© 2005 Nature Publishing Group
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Seabomn kdeplot and histplot highlighting hidden structure
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Soboley, A., Hofmann, A., Soboley, S. et al. An olivine-free mantle source of Hawaiian shield basalts. Nature 434, 590-597 (2005). https://doi.org/10.1038/nature03411
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— Simpson's paradox

First described by Edward H.
Simpson in 1957

Trends found in subsets of data
disappears or reverses when the
whole dataset is considered.

Most common quoted example is
from Berkeley in 1973. Statistics
from the admission data found that
more men were admitted than
women when considering all
departments. When inspecting the
departments individually it was
found that women had higher
admittance percentages.

Men sought less competitive
departments (engineering) whereas
women sought more competitive
departments (english).
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— Size of the figure
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FiG. 6. Cocflicient of determination (R?; first row) and Kendall
rank correlation (pr) between model performance and total importance
of re-trained models for the original (first column) and reduced (second
column) datasets for each feature ranking method. To restrict the y-axis
range, low values are set to y-axis minimum and annotated with their
true value. To improve interpretation, the scatter points are adjusted
slightly left or right of center to limit overdap.

(ﬂf). R?, and mean squared error (MSE). To compute the
R and MSE, we fit a 5-degree polynomial curve to the
data and use goodness-of-fit (R?; also known as the coef-
ficient of determination) as a measure for feature ranking
performance (in other words, we assume that the more the
relationship between total importance and model perfor-
mance matches a functional form, the better the method is
at assigning individual feature importance). To summarize
the feature ranking faithfulness, we limited our analysis to
R? and p., as we felt they matched well with our subjective
evaluation of the scatter plots for each dataset.

For the original datasets (Fig. 6a.c), there is a high cor-
respondence between total importance and model perfor-
mance for a majority of the methods and we find little sep-
aration between a majority of the feature rankings methods
for both statistics. We know from Part I that the differ-
ent feature ranking methods tend to have high agreement
on the top features and the disagreement is largely based
on exact ranking. These results suggest that those minor
discrepancies in ranking do not amount to signi dif-

region (e.g.. NAUPDC > 0.2 and total importance > (.5).
In Fig. 7, we can see that model performance has an asymp-
totic relationship with feature subset size. The highly non-
linear relationship suggests that the feature contributions
to model performance follow a Pareto distribution (Davis
and Feldstein 1979) such that a small subset of features are
responsible for most of the model performance (Fig. 7).
Thus, in a bulk sense, most of the feature ranking methods
should be able to largely discriminate between strong and
weak contributors to model performance. The Parteo-like
distribution of feature importance also helps explain the
success of the dimensionality reduction, as nearly 30 out
of 113 features explain most of the model performance for
the severe weather datasets (Fig. 7a-c) while approximately
10 explain the road surface dataset (Fig. 7d).

In terms of specific methods, for all four original
datasets, SHAP was one of the best method while SAGE
scores had the least correspondence to model performance,
despite both being based on Shapley theory (Fig. 6a.c).
SHAP does not assume feature independence and leverages
feature clustering based on correlations, which likely ex-
plains why it performs better than SAGE. Compared to the
other feature ranking methods, forward single-pass (FSP)
had a lower correspondence between total importance and
model performance. Recall that the forward permutation
methods starts with all features permuted, which breaks up
the relationships b en features. 1 ing those im-
portant relationships (e.g.. p ial p ing effects)
and attempting to isolate individual importance appears to
degrade the faithfulness of FSP. In terms of model-specific
ranking methods, LR coefficients were among the top per-
formers for the severe weather datasets while tree inter-
preter and Gini importance were poor performers for the
road surface dataset. These results reinforce that the inter-
pretability of logistic regression models can be leveraged
to explain their behavior, but random forests are uninter-
pretable and require outside methods to understand and
explain them.

Despite the feature correlations, the backward single-
pass (BSP) method was one of the most faithful, especially
for the road surface dataset. This is not that surprising
as the impact of correlated features on permutation im-
portance scores is heavily dependent on the correlations
between a feature and the target variable. (Gregorutti et al.
2017). If two features are correlated, but one of them is a
much stronger predictor of the target variable, then permu-
tation importance scores may only be negligibly impacted
by the feature correlations. To determine whether our
datasets had sufficient correlations with the target variable

pared to the cor b features, we

ferences in the relationship between model performance
and total importance. As for the strong correspondence
between total importance and model performance, we can
see the relationship is highly non-linear (Fig. 5) and most
points are in the higher performance, higher importance

the average feature correlation (i.e., the expected correla-
tion between any two features) and the average correlation
of a feature with the target variable (Table 5). For the
road surface dataset, the average correlation with the target
variable is similar to the average correlation with target

If the figure is important
enough be shown it
should be large enough to
be read.

Article from 18th of
November 2022 on arXiv.

Probably a great article,
but practically unreadable
figure especially on a
e-reader or in print.

arXiv:2211.10378v1 [cs.LG] 18 Nov 2022
https://arxiv.org/pdf/2211.10378.pdf
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— Time series data - resampling

The raw signal is quite nosy and hard to interpret. Daily values, but 100
volatile values in the weekend.

What is the correct resampling to tell the story of the data?

Removing weekends?
Running average length?
Mean or median?
Centered average? ©
Effect of lag?

Window function?

202101

202103

202105

202107

202109

202111
dataDate

202201

202203

202205

202207
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— Time series data - multiple timescales

. Last 28 days. Date range: 2022-10-18 to 2022-11-14
In Connected Cars we monitor

more than 1000 data quality checks S —
per car per day. We have a lot of
different systems to find anomalies.

In this plot we track some values

over time and show the aggregates
over three time Scales in the same 2022-10-21 2022-10-25 2022-10-29 2022-11-01 2022-11-05 2022-11-09 2022-11-13

p[ot: Last 90 days without weekends and holidays. Date range: 2022-08-17 to 2022-11-14

e The last 28 days
e The last 90 days
e The last year

The idea behind this is that some
slow moving developments are not 2022-09-01 2022-09-15 2022-10-01 2022-10-15 2022-11-01

eaS|Ly detected in short timescales Last year without weekends and holidays. Date range: 2021-11-15 to 2022-11-14

and some fast moving
R Q)
v MV VAR NW{Q

developments are truncated in slow
moving timescales, so in order to

understand the full development
2021-12 2022-01 2022-02 2022-03 2022-04 2022-05 2022-06 2022-07 2022-08 2022-09 2022-10 2022-11

we needed evaluate multiple
timescales simultaneously.
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The cell number reflects the number of affected cars and the cell color the share of the population.

o l. [ ] l Only cars that have communicated within the last 14 days are considered in this analysis.
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Interactive visualizations are great for viewing data and trends on Fae oo 0 0 0 0 0 0L 0 _0 0 _0 0 0 0
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Percentage of total cars for a given model and year. Cell only colored if more than 5 cars are present.

https:/www.popularmechanics.com/technology/design/q20681640/control-rooms/
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— The right plot to the right people

Questions to be answered before deciding on the visualization:

What is the technical abstraction level or background of the

audience?

What is the story that is trying to be told and to which audience?
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Example of two visualizations of the same data to different audiences

1. Atechnical plot intended to initiate a conversation about
complexity of the data and how the data should be treated.

2. Asimpler plot intended to convey the key business takeaways
without going into too much detail.

27



— Easily digestible visualizations

Bubbles FACTS ~ TEACH  ABOUT HOW TO USE Share English 256785 temperature measurements extracted in a 15 minutes window starting at 2022-08-19 08:00 EUR/CPH
% Color [ World Regions V]
90 [ >
80
70
> Select Searct
& 0
S Afghanistan
8 °
o 50 nles
é Algeria
2 nae
4 40 . d Barbud
30 :
. Austria
Size [ Population v
per person (GDP/capita, PPPS inflation-adjusted)
500 1000 2000 4000 8000 16k 32k 64k 128k zoom @ @ a
Income
2021
o T
The gapminder visualization. Gapminder was founded in Stockholm on 25 Internal Connected Cars live temperature data map, showing
February 2005 by Ola Rosling, Anna Rosling Ronnlund, and Hans Rosling. In temperature data using kepler.gl

2006, Hans gave his first TED talk, called, “The best statistics you’ve ever
seen”. It became one of the most watched TED talks ever.


https://www.gapminder.org/tools/#$model$markers$bubble$encoding$trail$data$filter$markers$dnk=1800;;;;;;;;&chart-type=bubbles&url=v1
https://kepler.gl/

— Examples of bad or misleading visualizations

|| #quedateencasa T 10:44 AM @ @839% ) P —
. % @SeriFeliciano : . !
Q Ivan Duque &= @ [VERMOGENSVERTEILUNG |
P ) @IvanDuque Wait a second, these are not real error bars ... the IN OSTERREICH

author literally just put the letter “T” above the bar

graphs %

Overseet Tweet
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— Key takeaways and further reading

Key takeaways

Using the right color scale is quite important
Help the reader/audience get to the right
conclusion as fast as possible.

We as data professionals need to help achor an
understanding and appreciation for uncertainties
in our deliverables.

Descriptive statistics should only follow a more
exploratory data analysis.

A good visualization should

Tell a clear story

Be understandable to the intended audience

Be large enough to be seen and understood
Have labels with units and a legend if applicable
Show a sensible area of data. Outliers should not
dominate the ranges of the axis

Communicate the uncertainty of the results and
preemptively address any misinterpretations

DATA

VISUALIZATION
SOCIETY https:/www.datavisualizationsociety.org

u Importance of being uncertain - How samples are used to estimate population statistics and what this means in terms of uncertainty.

Error Bars - The use of error bars to represent uncertainty and advice on how to interpret them.

Significance, P values and t-tests - Introduction to the concept of statistical significance and the one-sample t-test.

B 2“’ T Power and sample size - Use of statistical power to optimize study design and sample numbers.

126058 2 Visualizing samples with box plots - Introduction to box plots and their use to illustrate the spread and differences of samples. See also: Kick
[ e

N . the bar chart habit and BoxPlotR: a web tool for generation of box plots

2985,

https:/www.nature.com/collections/ggshham/pointsofsignificance

Since September 2013 Nature Methods has been publishing a monthly column
on statistics called "Points of Significance.”


https://www.nature.com/collections/qghhqm/pointsofsignificance
https://www.datavisualizationsociety.org
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