










 

 

That work is ongoing, but there are key points of theoretical connection to current research in PPLs for 
end-user and educational applications. 

Firstly, while we adopted the spinners as appropriate teaching aids for use in a low-resource context, 
the action of the spinners turns out to be an intuitive representation of the Monte Carlo simulation 
mechanisms that are integrated in many PPLs, including end-user data science tools such as BayesDB. 
Although AI and machine learning applications are as yet not extensively deployed in Tsumkwe3, it 
was possible to explain the underlying mechanisms of such systems in relation to internal random 
variables as (notional, invisible) spinners that might operate inside the computer to select probabilistic 
outcomes, for example when an AI system outputs natural language text based on how likely the 
individual words are. The role of data in adjusting the likelihood of particular outcomes in a machine 
learning system can also be understood as arising from observations – in that example, by counting the 
words that have been seen in previous texts.  

In principle, although we did not address this question during our field research, important questions 
for public understanding of AI, such as data bias in algorithmic decisions, can be directly understood in 
these terms. Similarly, the role of prior expectation in Bayesian modelling can be understood in relation 
to the selection of appropriate spinners. 

In future research, we plan to explore whether this representation can be extended to express more 
complex models, including larger numbers of variables, differing numbers of outcomes and continuous 
variables with nonuniform outcome distributions. These might be supplemented with other 
representational devices that offer a visual correspondence between outcome distribution and physical 
simulation, such as the Galton Board that was suggested in the earlier PPIG paper (Blackwell, Church 
et al., 2019). An example of a prototype application recently implemented by an undergraduate design 
team in Cambridge can be seen in Figure 3b). 

a) 

 

b) 

 

Figure 3 – Visual simulations demonstrating the interaction of distributions in conditional probability 
via “cascading” Galton boards. a) whiteboard animation created by Breck Baldwin (screenshot from 

video available at https://youtu.be/18qeLk-fsCI and b) as implemented by Computer Science 
undergraduates in Team Delta 2021 (screenshot from video available at 

https://youtu.be/k_ETDeWA4MU) 

In anticipating this future work, we wish to emphasise that sketches and prototypes such as these, 
created in a Western context to support current conventions of describing and representing probability, 
will not necessarily be appropriate to our field site in the Kalahari. Although the current pandemic has 

 
3 Other than familiar applications built-in to the Android platform such as predictive text or recommendation facilities in online 
stores 
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created additional challenges for our continuing co-design work, the technical experiments reported in 
this paper can only be considered a starting point for mutual exploration with Ju|’hoan colleagues, not 
a product in themselves. 

5. Related Work 
In addition to recent work on end-user PPLs, and other educational tools for teaching Bayesian 
probability, this approach can be compared to two technical education projects familiar to the PPIG 
audience: the work of Andrea diSessa and colleagues on the use of programmable simulations in physics 
education, and the work of Ken Kahn and colleagues on the ToonTalk language. Both of these systems 
share a concern with supporting intuitive reasoning that is linked to mathematical formalism via visual 
representation of computational processes. 

Ken Kahn uses the phrase “animated programming” to make it clear that intuition relating to dynamic 
behaviour is supported by presenting a programming environment in which elements can be seen 
moving (Morgado & Kahn 2008). ToonTalk is also a formally specified programming environment, 
and it supports an interactive transition between the intuitive physical animation and larger-scale 
computation.  

In the metaphorical ToonTalk world, agents can be watched carrying out individual computations as 
operations on physical objects, for example when Bammer the mouse uses his hammer to add two 
numbers by knocking their blocks together. The physical space that Bammer and other characters work 
in is represented as the inside of a house within which the programmer/player can observe the 
computation being carried out. When you step outside the house, the work continues, but speeded up to 
normal computation speed – the program is running, but invisibly following the same algorithmic steps 
that can still be seen whenever you might choose to go back into the house and observe them. 

Andy diSessa’s keynote address at PPIG 2018 described the use of programmable simulations, not to 
teach principles of computation (as in ToonTalk), but to teach basic principles of physics, supporting 
intuition about the way that different measurable quantities change during the observed behaviour of a 
typical classroom physics demonstration such as observing acceleration under force (e.g. Sherin, 
diSessa & Hammer, 1993). diSessa proposed that understanding the computation of those quantities 
over time offered superior intuition to the conventional algebraic representation using calculus notation.  

In programming with physical simulations of probabilistic behaviour, we are similarly presenting an 
intuition of fundamental principles (here, relating expectation, observation and likelihood) in relation 
to animated mechanical representations of the same underlying principles. In further developments of 
this approach, we plan to explore whether simulation of local conditional relations can be scaled up to 
more complex probabilistic programs, in a manner analogous to stepping outside the ToonTalk house, 
while maintaining the underlying intuition. 

We note in passing that many other educational programming systems, also familiar from previous 
presenters and keynote speakers at PPIG, have been designed specifically to help students program their 
own physical, biological or environmental simulations. These include systems such as AgentSheets 
(Repenning et al., 2000), Squeak etoys / Scratch (Steinmetz, 2002; Maloney et al., 2004), and KidSim 
/ Cocoa (Cypher & Smith, 1995). However, we draw a distinction between the use of visual 
programming tools to teach the structure of a different domain (which has undoubted education value), 
and the use of diagrammatic correspondence between the structure of the simulation and notational 
conventions in order to support mathematical intuitions.  

As in the previous section, we note once again that this related work has all been developed in US and 
UK contexts, and reflects the educational needs and curriculum requirements of those countries. 
Furthermore, any assumption about the cognitive underpinnings of “intuition” should be treated with 
great care if it presumes that WEIRD (Western, Educated, Industrial, Rich Developed (Henrich, Heine 
& Norenzayan, 2010)) habits of thought and ways of teaching are universal. To the extent that 
diagrammatic representations might potentially rely on embodied conceptual metaphor (Johnson, 
2013), we must take care that future designs consider the reality of cognitive variations across cultural 
and historical divides (Lloyd, 2007), a perspective from which there has been very little attention in 
current research literature. 
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6. Conclusions 
This work in progress report, continues the research agenda that was originally set out at PPIG 2019 
(Blackwell Church et al., 2019), and more briefly discussed in an unpublished panel contribution at 
PPIG 2020, addressing the topic of Software for Indigenous Communities (presented by the first author 
together with Jason Lewis – see Lewis et al. 2018, Running Wolf et al 2020) during the conference 
session on Community Computing. 

Although our fieldwork is currently suspended as a consequence of the Covid-19 pandemic, we would 
welcome feedback on this work from the PPIG community. We are keen to continue our educational 
experiments, especially the potential for new curriculum perspectives to be influenced by scientific 
traditions outside the usual Western assumptions. Theories of probability are particularly bound up in 
ways of seeing the world, as can be seen by the recent debates between Bayesian and frequentist 
traditions even in Western curricula. 

The future of machine learning systems, in which computational tools increasingly operate on 
probabilistic principles inferred from training data rather than explicitly specified deterministic 
algorithms, is having many consequences in all countries of the world. Interactive representations that 
help people from many backgrounds to understand such systems, and even more importantly, to 
influence, modify, adapt and customise them, could be a valuable contribution to international 
development, inclusion and equity. 

We have set out a direction of travel, with a work in progress report on grounds that are relatively 
familiar to PPIG. The work reported here is, however, a very small contribution by comparison to much 
larger and more important questions. National policy in Namibia, and elsewhere in Southern Africa, is 
seriously concerned with preparation for the opportunities of the Fourth Industrial Revolution, including 
large national educational initiatives with similar curriculum goals to our own, such as Data Science 
Nigeria (Adekanmbi, 2020). Despite national policy priorities, serious questions are raised by local 
researchers with regard to potential inequities arising from these policies (Adams, 2021a).  

Furthermore, research with local communities must pay close attention to their own priorities, and much 
of our discussion in Tsumkwe was concerned with educational needs and practical problems beyond 
those discussed in this paper. When considering these broader questions in development settings and in 
relation to indigenous knowledge practices, future research must not only ensure that work with local 
communities is not extractive, but collaborative, and ideally co-constructed. In working across such 
divides, it is essential to remain aware of the colonial legacies embedded in AI technologies and research 
(Adams 2021b), and the need for research methods that acknowledge and advance beyond these where 
possible (Awori, Bidwell et al, 2016). The CHI community is becoming increasingly alert to the 
activism that is inherent in designing and deploying software tools, as others in the PPIG community 
are aware (e.g. Leal et al 2021), and we would not want to give the impression that any of this is easy. 
Nevertheless, even in such a specialist setting such as PPIG, there are opportunities to step aside from 
old assumptions and value other kinds of knowledge. 
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