
UNCERTAINTY ANDVARIABILITY



UNCERTAINTY ANDVARIABILITY

In some way related: given some past events or objects extracted from a population, 

I do not know what will be the next one due to both! (cf. epistemic uncertainty and statistical/stochastic uncertainty)

?



WHY SHOULDWE CARE ABOUT HOWTOVISUALIZE

UNCERTAINTY ANDVARIABILITY?



Average is all we need!

WHY SHOULDWE CARE ABOUT HOWTOVISUALIZE

UNCERTAINTY ANDVARIABILITY?



Average is all we need!  Really?!

https://www.knowablemagazine.org/article/mind/2019/science-data-visualization

WHY SHOULDWE CARE ABOUT HOWTOVISUALIZE

UNCERTAINTY ANDVARIABILITY?

Try jittered strip plots (or jitter plot)



What’s dataset is more correlated?   

WHY SHOULDWE CARE ABOUT HOWTOVISUALIZE

UNCERTAINTY ANDVARIABILITY?



What’s dataset is more correlated?   Equally correlated (r=.8) but point cloud size different.
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WHY SHOULDWE CARE ABOUT HOWTOVISUALIZE

UNCERTAINTY ANDVARIABILITY?



WHY SHOULDWE CARE ABOUT HOWTOVISUALIZE

UNCERTAINTY ANDVARIABILITY?



Gene B in sample 4 and Gene H in sample 6 look different, uh? 



https://www.knowablemagazine.org/article/mind/2019/science-data-visualization



Let people see the data!



Let people see the data!



It depends on your data, on the point (of your data story), and on your readership! 

Let people see the data!





Datasaurus dataset (by Cairo) 

X: M=54.26, SD=16.76; 

Y: (M=47.83, SD=26.93); 

R=-0.06



Messing up with (or concealing) uncertainty!
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Messing up with (or concealing) uncertainty!
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This is a good “compromise”:

The “most likely” track is 

shown and then a shaded area 

that is meaningful  for the 

common reader (layperson)

(in this specific case about 

wind gusts above a specific 

speed threshold)

Messing up with (or concealing) uncertainty!



How not to conceal but rather acknowledge uncertainty!

Intervals Dispersion
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Blurriness Saturation, brightenes…



How not to conceal but rather acknowledge uncertainty!

Intervals Dispersion
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Blurriness Saturation, brightenes…



Value-Suppressing Uncertainty Palettes
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https://xeno.graphics/
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Be careful that “error bars” 
can indicate different 

things: confidence intervals 
(CI), standard errors (SE), 
standard deviations (SD),…



SO: always be explicit re 
what your “error bars” 

represent.

(Dispersion? Uncertainty?)



BTW: what’s the 
representation of the 

estimate about which you 
want to be more 

confident of? A or B?

A B



Errors bars Hypothetical Outcome Plots (HOPs)

An alternative to error bars…

Hullman, J., Resnick, P., & Adar, E. (2015). Hypothetical outcome plots outperform error bars and violin plots for inferences about reliability of variable ordering. PloS one, 10(11), e0142444.
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Hypothetical Outcome Plots (HOPs)



Many alternatives to error bars…

https://medium.com/hci-design-at-uw/hypothetical-outcomes-plots-experiencing-the-uncertain-b9ea60d7c740



https://medium.com/hci-design-at-uw/hypothetical-outcomes-plots-experiencing-the-uncertain-b9ea60d7c740

Errors bars Gradient plots

Correll, M., & Gleicher, M. (2014). Error bars considered harmful: Exploring alternate encodings for 

mean and error. IEEE transactions on visualization and computer graphics, 20(12), 2142-2151.

Many alternatives to error bars…



https://medium.com/hci-design-at-uw/hypothetical-outcomes-plots-experiencing-the-uncertain-b9ea60d7c740

Errors bars Gradient plots

Correll, M., & Gleicher, M. (2014). Error bars considered harmful: Exploring alternate encodings for 

mean and error. IEEE transactions on visualization and computer graphics, 20(12), 2142-2151.

Many alternatives to error bars…

http://powerfromstatistics.eu/uploads/originals/PDF/outlook-reports/PfS_Uncertainty%20and%20graphicacy.pdf



https://medium.com/hci-design-at-uw/hypothetical-outcomes-plots-experiencing-the-uncertain-b9ea60d7c740

Errors bars Gradient plots

Alan, M., & Robert, E. Visual Semiotics & Uncertainty Visualization: An Empirical Study. IEEE 

Transactions on Visualization and Computer Graphics, Volume: 18, Issue: 12, 2496 - 2505, 2012 

Saturation,Fuzziness, transparency

Many alternatives to error bars…



How not to conceal but rather acknowledge uncertainty!

Alan, M., & Robert, E. Visual Semiotics & Uncertainty Visualization: An Empirical Study. IEEE Transactions on Visualization and Computer Graphics, Volume: 18, Issue: 12, 2496 - 2505, 2012 



Oh, heatmaps!

Source: http://cartonerd.blogspot.com/2015/02/when-is-heat-map-not-heat-map.html



Oh, heatmaps!

a heatmap is a data visualization 

where a range of  colors 

represent the density of  points 

in a particular area.
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The problem are:

✓ interpolation across points 

where data are missing:



Oh, heatmaps!

a heatmap is a data visualization 

where a range of  colors 

represent the density of  points 

in a particular area.

The problem are:

✓ interpolation across points 

where data are missing.

✓ Misleading overlaps!

Source: https://media.ccc.de/v/bucharest-420-from-visualization-to-analysis-stop-using-heatmaps-to-discover-spatial-patterns#t=730



Oh, heatmaps!

Color suggestions.

Source: https://media.ccc.de/v/bucharest-420-from-visualization-to-analysis-stop-using-heatmaps-to-discover-spatial-patterns#t=730

Arbitrary, 
rainbow-like, 

spectrum. Avoid.



Oh, heatmaps!

Color suggestions.

Source: https://towardsdatascience.com/8-rules-for-optimal-use-of-color-in-data-visualization-b283ae1fc1e2

If scale is
symmetrical

prefer a divergent
2-hues gradient

(e.g., red vs blue)



Oh, heatmaps!

Tools for selecting 
colour combinations.

Stil again, mind 
color blindness as
a thing you have
to care about!

Source: https://towardsdatascience.com/8-rules-for-optimal-use-of-color-in-data-visualization-b283ae1fc1e2



Oh, heatmaps!

You still want to use 

a heat map?

Source: https://www.abstr-int-cartogr-assoc.net/1/352/2019/ica-abs-1-352-2019.pdf



Pandey, A. V., Rall, K., Satterthwaite, M. L., Nov, O., & Bertini, E. (2015). How deceptive are deceptive visualizations?: An empirical analysis of common distortion techniques. In Proceedings of the 33rd Annual ACM Conference on Human Factors in 
Computing Systems (pp. 1469-1478). ACM. (http://lsr.nellco.org/cgi/viewcontent.cgi?article=1506&context=nyu_plltwp)

TRUNCATED AXIS DISTORTION

MESSAGE EXAGGERATION/UNDERSTATEMENT
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Pandey, A. V., Rall, K., Satterthwaite, M. L., Nov, O., & Bertini, E. (2015). How deceptive are deceptive visualizations?: An empirical analysis of common distortion techniques. In Proceedings of the 33rd Annual ACM Conference on Human Factors in 
Computing Systems (pp. 1469-1478). ACM. (http://lsr.nellco.org/cgi/viewcontent.cgi?article=1506&context=nyu_plltwp)

TRUNCATED AXIS DISTORTION

MESSAGE EXAGGERATION/UNDERSTATEMENT

AREA AS QUANTITY DISTORTION

MESSAGE EXAGGERATION/UNDERSTATEMENT

ASPECT RATIO DISTORTION

MESSAGE EXAGGERATION/UNDERSTATEMENT
INVERTED AXIS DISTORTION

MESSAGE REVERSAL
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